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Preface

Data Warehousing and Knowledge Discovery technology is emerging as a key
technology for enterprises that wish to improve their data analysis, decision support
activities, and the automatic extraction of knowledge from data.

The objective of the Third International Conference on Data Warehousing and
Knowledge Discovery (DaWaK 2001) was to bring together researchers and
practitioners to discuss research issues and experience in developing and deploying
data warehousing and knowledge discovery systems, applications, and solutions.

The conference focused on the logical and physical design of data warehousing and
knowledge discovery systems. The scope of the papers covered the most recent and
relevant topics in the areas of association rules, mining temporal patterns, data mining
techniques, collaborative filtering, Web mining, visualization, matchmaking,
evelopment and maintenance of data warehouses, OLAP, and distributed data
warehouses. These proceedings contain the technical papers selected for presentation
at the conference.

We received more than 90 papers from over 20 countries, and the program committee
finally selected 34 papers. The conference program included one invited talk:
“Knowledge Management in Heterogeneous Data Warehouse Environments” by
Professor Larry Kerschberg, George Mason University, USA.

We would like to thank the DEXA 2001 Workshop General Chair (Professor Roland
Wagner) and the organizing committee of the 12th International Conference on
Database and Expert Systems Applications (DEXA 2001) for their support and their
cooperation. Many thanks go to Ms Gabriela Wagner for providing a great deal of
help and assistance as well as to Mr Bernd Lengauer for administrating the conference
management software. We are very indebted to all program committee members and
additional reviewers who have reviewed the papers very carefully and timely. We
would also like to thank all the authors who submitted their papers to DaWaK 2001;
they provided us with an excellent technical program.

September 2001     Yahiko Kambayashi
      Werner Winiwarter
      Masatoshi Arikawa
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Knowledge Management in Heterogeneous Data
Warehouse Environments

Larry Kerschberg

Co-Director, E-Center for E-Business,
Department of Information and Software Engineering, George Mason University,

MSN 4A4, 4400 University Drive, Fairfax, VA 22030-4444, USA
kersch@gmu.edu; http://eceb.gmu.edu/

Abstract. This paper addresses issues related to Knowledge Management in the
context of heterogeneous data warehouse environments. The traditional notion
of data warehouse is evolving into a federated warehouse augmented by a
knowledge repository, together with a set of processes and services to support
enterprise knowledge creation, refinement, indexing, dissemination and
evolution.

1 Introduction

Today’s organizations are creating data and information at an unprecedented pace.
Much of that data comes from organizational business transactions. Traditionally, that
data has resided on corporate servers and has represented operational on-line
transaction processing (OLTP) data. The goal of a data warehouse is to integrate
applications at the data level. The data is extracted from operational systems,
cleansed, transformed, and placed into the data warehouse or data mart according to a
schema, such as the star or snowflake schema [1]. Although the notion of creating an
integrated data warehouse is appealing conceptually, it may be infeasible
operationally. Trends indicate that federated data warehouse architectures are more
practical, from the political, operational, and technical points-of-view [2, 3].

Moreover, as organizations move their operations to the Internet and establish
partnerships, via portals and extranets, with both their customers and suppliers, the
“data” for the e-enterprise becomes distributed among many parties. This presents
both challenges and opportunities in building enhanced data warehouses that reflect
the information holdings of the e-enterprise.

Our notion of the data warehouse must be extended to include not only operational
transaction-oriented data, but also data created by knowledge workers within the
enterprise. We can then include technical reports, correspondences, presentations,
audio, video, maps and other heterogeneous data types, as well as unstructured data.

Increasingly, we view the Internet and the World Wide Web [4] as data sources
that complement e-enterprise information holdings. The data collected from the Web
must be incorporated into the data warehouse for business decision-making.

Data warehouse holdings can be used for business intelligence, based upon
knowledge created by means of data mining and knowledge discovery, which are
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major themes of this conference. However, in order to acquire, catalog, organize,
index, store and distribute the enterprise’s information holdings, we need to address
issues related to the management of knowledge resources, termed knowledge
management. In this paper, we present an architecture for the management of
enterprise knowledge assets in the context of data warehouses.

The paper is organized as follows. Section 2 presents an analysis of the evolution
data warehouse architectures in response to evolving enterprise requirements. Section
3 presents an architecture for knowledge management, and discusses the knowledge-
oriented services provided to support heterogeneous data warehouses. Section 4
presents our conclusions.

2 Data Warehouse Architectures

Data warehouse architectures have evolved in response to our evolving data and
information requirements. Initially, the data warehouse was used to extract
transactional data from operational systems to perform on-line analytical processing
(OLAP) [5]. One of the problems with that centralized approach is that data in the
warehouse is not synchronized with data residing in the underlying data sources. This
has led to research on the view materialization problem [6, 7].

Although the goal of data warehousing had been to create a centralized and unified
view of enterprise data holdings, this goal has not been fully realized. Many factors
contributed to this, such a problem of semantic heterogeneity, terminology conflicts,
etc. However, one of the overriding factors has been the need for organizations to
assert ownership over the data. Organizations wish to own their data, wish to assume
responsibility for the curation, or stewardship of their data, and wish to share their
data according to well-defined sharing agreements. Thus, rather than spend large
amounts of money on a centralized data warehouse, enterprises are implementing
smaller data marts, and integrating them through federated architectures.

2.1 Federated Data Warehouses

The trend away from the centralized data warehouse leads to the notion of a federated
data warehouse, whereby independent smaller warehouses within the corporation
publish selected data in data marts, which are then integrated. One interesting case
study is that of Prudential Insurance Company [8], which decided to build a federated
data warehouse by combining data from a central meta-data repository with existing
stand-alone Line-of-Business (LOB) warehouses. This approach turned out to be
easier and less time- and resource-consuming. Before the federated warehouse,
marketing personnel could not determine how many customers had both Prudential
life and property insurance, in order to sell them securities. The data resided in
distinct LOB data warehouses, implemented using differing commercial products and
query languages. However, such queries are common in business decision-making,
and the inability to answer such questions leads to lost revenues.

The Prudential approach involves the creation of an information hub containing
data of interest to the entire corporation, while data of interest to LOBs remains in the
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local data warehouses.  The hub can them be used to create specialized data marts for
decision-makers.

The federated approach is appealing in that it common data can reside in a
metadata repository, while rapidly changing data can reside in data marts or in the
underlying data sources. We have had extensive experience with the federated
approach [2, 9-11] and these concepts were proposed for the NASA EOSDIS
Independent Architecture Study and they are now being implemented. We now turn
our attention to another phenomenon that is imposing new requirements on data
warehouses, that of e-business.

2.2 E-Enterprise Warehouses

The e-enterprise is based on inter-enterprise partnerships among customers and
suppliers. These partnerships are predicated on the sharing of data, information and
knowledge through interoperable business processes, data sharing protocols, and open
standards such as XML [12].

E-enterprise strategic partnerships entail data that currently is distributed among
specialized software-vendor-specific applications for Customer Relationship
Management (CRM), Content Management (CM) for catalog integration and data
meta-tagging, Enterprise Application Integration (EAI), Human Resources (HR), and
back-end fulfillment systems such as Enterprise Resource Planning (ERP).

Enterprise
Application
Integration

Mainframe

Customers

Vendors &
Partners

Employees

Portals

Databases

Inter-Enterprise
Transactions

CRM Enterprise
Resource
Planning

Customers

Legacy
Applications Marketplaces &

Exchanges

Vendors &
Partners

Human
Resources

Financial

Fig. 1. E-Enterprise Heterogeneous Distributed Data Sources

The dynamic nature of the inter-enterprise relationships and the distributed
heterogeneous data contained in proprietary software systems requires new
approaches to data warehousing. The federated approach allows each application
system to manage its data while sharing portions of its data with the warehouse. There
will have to be specific agreements with customers, vendors and partners on how
much of their data will be made available to the warehouse, the protocols and
standards to be used to access and share data, the data security attributes and
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distribution permissions of shared data, and data quality standards [13, 14] to which
these partners must adhere.

Another driver is the advent of the Semantic Web [15] with its associated web
services [16], which will enable the creation of dynamically configurable e-
enterprises. Data warehouse concepts and tools should evolve to include mechanisms
to access the databases of these web services so as to obtain e-enterprise-specific data
regarding those services, e.g., performance metrics, status information, meta-data,
etc., which would then be stored in the federated data warehouse. We envision
intelligent agents [17, 18] interacting with web service providers to gather relevant
information for the data warehouse.

The data warehouse will thus become a knowledge repository consisting of the data
from traditional data warehouses, domain knowledge relevant to enterprise decision
making, workflow patterns, enterprise metadata, and enterprise ontologies.

Associated with the knowledge repository will be process knowledge for data
cleansing, data quality assurance, semantic meta-tagging of data, security tagging,
data stewardship (curation) and knowledge evolution. These processes are described
in more detail in the next section.

3 Knowledge Management Architecture for Heterogeneous Data
Warehouse Environments

The evolution of data warehouses into knowledge repositories requires a knowledge
management architecture within which to acquire data from heterogeneous
information sources and services, to prepare data for

The knowledge management architecture we propose supports the following:
� Access to both internal and external information sources;
� Repositories that contain explicit knowledge;
� Processes and tool support to acquire, refine, index, store, retrieve, disseminate

and present knowledge;
� Mechanisms for cooperative knowledge sharing among knowledge workers;
� Organizational structures and incentives to enable and foster a knowledge

sharing and learning organization;
� People who play knowledge roles within the organization, including knowledge

facilitators, knowledge curators, and knowledge engineers; as well as
� Information technology support for the entire architecture.

Figure 2 below shows an architecture denoting the Knowledge Presentation,
Knowledge Management, and Data Sources Layers. At the top layer, knowledge
workers may communicate, collaborate and share knowledge. They are provided
information by means of the Knowledge Portal, which can be tailored to the profile of
each knowledge worker.

The Knowledge Management Layer depicts the Knowledge Repository and the
processes that are used to acquire, refine, store, retrieve, distribute and present
knowledge. These processes are used to create knowledge for the repository.

The Data Sources Layer consists of the organization’s internal data sources
including documents, electronic messages, web site repository, media repository of
video, audio and imagery, and the domain repository consisting of the domain model,
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ontology, etc. Also depicted are the external sources of data, including web services
that can be used to augment the internal holdings.

3.1 The Knowledge Management Process Model

The process model associated with knowledge management consists of well-defined
activities which: 1) help to ensure the quality of the data and information used by
knowledge workers, 2) assist in the refinement of data and information into
knowledge, 3) allow the efficient storage and retrieval of metadata and knowledge, 4)
promote the timely dissemination and distribution of knowledge, and 5) support the
tailored presentation of knowledge. These activities are presented in the following
subsections, and we review some of the major sub-activities.

Knowledge
Worker’s

View

Knowledge
Worker’s

View

Communication,
Collaboration, and Sharing

Knowledge
Portal

Knowledge
Presentation
Layer

Knowledge
Management
Layer

Data
Sources
Layer

Knowledge Management
Processes

Text
Repository

E-mail
Repository

Web
Repository

External
Sources

FTP

Acquisition Refinement
Storage/
Retrieval

Distribution Presentation

Domain
Repository

Enterprise
Model

Knowledge
Facilitators and

Knowledge Engineers

Knowledge
Curators

Media
Repository

Knowledge
Repository

Relational and
OO Databases

Fig. 2. Three-layer Knowledge Management Architecture

Knowledge Acquisition
During knowledge acquisition the Knowledge Engineering captures knowledge from
domain experts through interviews, case histories, and other techniques. This
knowledge can be represented as rules and heuristics for expert systems, or as cases
for use in a case-based reasoning system.

Knowledge Refinement
Another important source of knowledge may be found in corporate repositories such
as document databases, formatted transaction data, electronic messages, etc. Part of
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the knowledge acquisition process is to cross reference items of interest from
information contained in multiple repositories under multiple heterogeneous
representations. During knowledge refinement this information is classified and
indexed, and metadata is created in terms of domain concepts, relationships and
events. In addition, the domain context and domain usage constraints are specified.
Data pedigree information is also added to the metadata descriptors, for example,
intellectual property rights, data quality, source reliability, etc. Data mining and data
analysis techniques can be applied to discover patterns in the data, to detect outliers,
and to evolve the metadata associated with object descriptors.

Storage and Retrieval
The refined data, metadata and knowledge are indexed and stored for fast retrieval
using multiple criteria, for example, by concept, by keyword, by author, by event
type, and by location. In the case where discussion groups are supported, these should
be indexed by thread and additional summary knowledge may be added and
annotated. Access controls and security policies should be put in place to protect the
knowledge base and the intellectual property it contains.

Distribution
Knowledge can be distributed in many ways, as for example, a corporate knowledge
portal. Here knowledge workers may find relevant information sources for their tasks.
Electronic messaging may also be used to distribute knowledge in the form of
attachments of documents, presentations, etc. Another approach is to have active
subscription services whereby agents inform users of relevant information in e-mail
messages with hyperlinks to knowledge in the repository.

Presentation
The Knowledge Portal may handle knowledge presentation, and the interface may be
tailored to the needs and preferences of each individual user. The portal should
support user collaboration so as to combine tacit knowledge with explicit knowledge
for problem solving.

3.2 Knowledge Management System Architecture

Figure 3 shows a conceptual model of a Knowledge Management System to support
the KM processes and services. A selected number of services, which may be internal
to the enterprise or outsourced through partnerships, subscriptions or web services,
are now discussed.

The Knowledge Presentation and Creation Layer
The services provided at this layer enable knowledge workers to obtain personalized
information via portals, to perform specialized search for information, to collaborate
in the creation of new knowledge, and to transform tacit knowledge into explicit
knowledge [19] via discussion groups. Our work on WebSifter [20, 21] indicates that
personalized search preferences together with user-specified, ontology-directed search
specification and results evaluation can enhance the precision of documents returned
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by search engines. Thus search services are an important component of knowledge
management.

The knowledge creation services allow knowledge workers to create value added
knowledge by annotating existing knowledge, providing metatags, and aggregating
heterogeneous documents into named collections for future use.

Knowledge Management Layer
This layer provides middleware services associated with knowledge indexing and
information integration services (IIS). Data warehouse services are listed among the
IIS, together with federation, agent, security and mediation services. Services such as
data mining, metadata tagging, ontology & taxonomy, curation and workflow services
are used to support the KM Process Model described in Section 3.1.
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OO Databases

Security
Services

Fig. 3. Conceptual Model for a Knowledge Management System

Data Mining Services. These services include vendor tools for deducing rules from
numeric data, as well as concept mining from text. This knowledge can be used to
enhance the Knowledge Repository and to provide refined knowledge to decision-
makers.

Metatagging Services. Appropriate indexing of knowledge assets is crucial as
collections grow.  XML [12] and Resource Description Framework (RDF) [22] are
emerging as open standards for tagging and metadata descriptions.  The Digital
Library community has proposed the Dublin Core Metadata Initiative for tagging
books.
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Ontology & Taxonomy Services. The organization of enterprise knowledge is an area
of ongoing research.  Clearly, the construction of domain-specific ontologies is of
utmost importance to providing consistent and reliable terminology across the
enterprise.  Hierarchical taxonomies are an important classification tool.  Our research
in this area includes the Intelligent Thesaurus [2, 10] and we have used user-specified
taxonomies to guide the WebSifter meta-search engine [20, 21].  The intelligent
thesaurus is an active data/knowledge dictionary capable of supporting multiple
ontologies to allow users to formulate and reformulate requests for information. The
intelligent thesaurus is similar to the thesaurus found in a library; it assists analysts in
identifying similar, broader or narrower terms related to a particular term, thereby
increasing the likelihood of obtaining the desired information from the information
sources. In addition, active rules and heuristics may be associated with object types as
well as their attributes and functions. Content management in inter-enterprise
environments can make use of ontologies, particularly in the area of catalog
integration [23, 24].

Agent Services. As the data warehouse evolves into a knowledge repository and as the
e-enterprise forms strategic partnerships with customers, partners and suppliers, we
envision intelligent agents assisting in KM tasks such as: 1) monitoring e-enterprise
business processes for performance information, 2) consulting authoritative external
ontologies to obtain proper terminology for metatagging, 3) collecting meta-data
regarding objects that flow through enterprise processes, and 4) communicating with
inter-enterprise processes and partners to coordinate information interoperability.

Mediation Services. Mediation refers to a broad class of services associated with the
Intelligent Integration of Information (I*3) [25]. Mediation services facilitate the
extraction, matching, and integration of data from heterogeneous multi-media data
sources such as maps, books, presentations, discussion threads, news reports, e-mail,
etc.

One example is the mediation of temporal data of differing granularity. This is of
particular importance in the context of multidimensional databases and data
warehousing applications, where historical data is integrated and analyzed for patterns
and interesting properties. A temporal mediator [26] consists of three components: 1)
a repository of windowing functions and conversion functions, 2) a time unit
thesaurus, and 3) a query interpreter. There are two types of windowing functions: the
first associates time points to sets of object instances, and the other associates object
instances to sets of time points. A conversion function transforms information in
terms of one time unit into terms of some other time unit. The time unit thesaurus
stores the knowledge about time units (e.g., names of time units and relationships
among them). The time-unit thesaurus stores concepts such as the seasons, fiscal year
definitions, and calendars, and translates these time units into others.

Users pose queries using the windowing functions and desired time units using a
temporal relational algebra. To answer such a user query, the query interpreter first
employs the windowing functions together with the time unit thesaurus to access the
temporal data from the underlying databases and then uses the time unit thesaurus to
select suitable conversion functions, which convert the responses to the desired time
units.
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4 Conclusions

Knowledge-based support for decision-making is becoming a key element of an
enterprise’s business strategy. Traditional data warehouses will evolve into
knowledge management environments that handle not only operational transaction-
oriented data, but also semi-structured, heterogeneous information culled from
external sources and integrated into decision-oriented knowledge for enterprise
decision-makers. This paper proposes a knowledge management process model
together with a collection of services that can be used to manage and encourage
knowledge creation within the enterprise. The key to the successful implementation of
enterprise knowledge management is top management support for the creation of a
knowledge sharing and learning organization.
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Abstract. Mining generalized association rules in the presence of the
taxonomy has been recognized as an important model in data mining.
Earlier work on generalized association rules confined the minimum sup-
port to be uniformly specified for all items or for items within the same
taxonomy level. In this paper, we extended the scope of mining general-
ized association rules in the presence of taxonomy to allow any form of
user-specified multiple minimum supports. We discussed the problems of
using classic Apriori itemset generation and presented two algorithms,
MMS Cumulate and MMS Stratify, for discovering the generalized fre-
quent itemsets. Empirical evaluation showed that these two algorithms
are very effective and have good linear scale-up characteristic. . . .

1 Introduction

Mining association rules from a large database of business data, such as transac-
tion records, has been a hot topic within the area of data mining. This problem is
motivated by applications known as market basket analysis to find relationships
between items purchased by customers, that is, what kinds of products tend to
be purchased together [1].

An association rule is an expression of the form A ⇒ B, where A and B are
sets of items. Such a rule reveals that transactions in the database containing
items in A tend to contain items in B, and the probability, measured as the
fraction of transactions containing A also containing B, is called the confidence
of the rule. The support of the rule is the fraction of the transactions that contain
all items both in A and B. For an association rule to hold, the support and the
confidence of the rule should satisfy a user-specified minimum support called
minsup and minimum confidence called minconf , respectively. The problem of
mining association rules is to discover all association rules that satisfy minsup
and minconf .

Most early work on associations mining was focused on deriving efficient al-
gorithms for finding frequent itemsets [2][3][6][7]. Despite the great achievement
in improving the efficiency of mining algorithms, the existing association rule

Y. Kambayashi, W. Winiwarter, and M. Arikawa (Eds.): DaWaK 2001, LNCS 2114, pp. 11–20, 2001.
c© Springer-Verlag Berlin Heidelberg 2001
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model used in all of these studies incurs some problems. First, in many applica-
tions, there are taxonomies (hierarchies), explicitly or implicitly, over the items.
It may be more useful to find association at different levels of the taxonomy
[4][8] than only at the primitive concept level. Second, in reality, the frequencies
of items are not uniform. Some items occur very frequently in the transactions
while others rarely appear. A uniform minimum support assumption would hin-
der the discovery of some deviations or exceptions that are more interesting but
much less supported than general trends. Furthermore, a single minimum sup-
port also ignores the fact that support requirement varies at different level when
mining association rules in the presence of taxonomy.

These observations lead us to the investigation of mining generalized associ-
ation rules across different levels of the taxonomy with non-uniform minimum
supports. The methods we propose not only can discover associations that span
different hierarchy levels but also have high potential to produce rare but infor-
mative item rules.

The remaining of the paper is organized as follows. A review of related work
is given in Section 2. The problem of mining generalized association rules with
multiple minimum supports is formalized in Section 3. In Section 4, we explain
the proposed algorithms for finding frequent itemsets. The evaluation of the
proposed algorithms on IBM synthetic data is described in Section 5. Finally,
our conclusions are stated in Section 6.

2 Related Work

The problem of mining association rules in presence of taxonomy information
is first addressed in [4] and [8], independently. In [8], the problem is named as
mining generalized association rules, which aims to find associations between
items at any level of the taxonomy under the minsup and minconf constraint.
Their work, however, doesn’t recognize the varied support requirements inherent
in items at different hierarchy levels.

In [4], the problem mentioned is somewhat different from that considered in
[8]. They have generalized the uniform minimum support constraint to a form
of level-wise assignment, i.e., items at the same level receive the same minimum
support, and aims at mining associations level-by-level in a fixed hierarchy. That
is, only associations between items at the same level are examined progressively
from the top level to the bottom. Though their approach also is capable of
mining level-acrossing associations, the minimum supports of items are specified
as uniform in each taxonomy level. This restrains the flexibility and power of
association rules mining.

Another form of association rules mining with multiple minimum supports
has been proposed in [5] recently. Their method allows the users to specify
different minimum supports to different items and can find rules involving both
frequent and rare items. However, their model considers no taxonomy at all and
hence fails to find associations between items at different hierarchy levels.
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ScannerPrinter

Non-impact Dot-matrix

Laser Ink-jet

PC

Desktop Notebook

Fig. 1. An example taxonomy

3 Problem Statement

3.1 Mining Generalized Association Rules

Let I = {i1, i2, . . . , im} be a set of items and D = {t1, t2, . . . , tn} be a set of
transactions, where each transaction ti = 〈tid, A〉 has a unique identifier tid and
a set of items A (A ⊆ I). To study the mining of generalized association rules
from D, we assume that the taxonomy of items, T , is available and is denoted as
a directed acyclic graph on I ∪ J , where J = {j1, j2, . . . , jp} represents the set
of generalized items derived from I. Figure 1 illustrates a taxonomy constructed
for I = {Laser printer, Ink-jet printer, Desktop PC, Notebook, Scanner} and J =
{Non-impact printer, Dot matrix printer, Printer, Personal computer}.

Given a transaction t = 〈tid, A〉, we say an itemset B is in t if every item
in B is in A or is an ancestor of some item in A. An itemset B has support
s, denoted as s = sup(B), in the transaction set D if s% of transactions in D
contain B. A generalized association rule is an implication of the following form
A ⇒ B, where A, B ⊂ I ∪ J , A ∩ B = Ø, and no item in B is an ancestor of
any item in A. The support of this rule, sup(A ⇒ B), is equal to the support
of A ∪ B. The confidence of the rule, conf(A ⇒ B), is the ratio of sup(A ∪ B)
versus sup(A). The problem of mining generalized association rules is that, given
a set of transactions D and a taxonomy T , find all generalized association rules
that has support and confidence greater than a user-specified minimum support
(minsup) and minimum confidence (minconf), respectively.

3.2 Multiple-Support Specification

To allow the user to specify different minimum supports to different items, we
have to extend the uniform support used in generalized association rules. The
definition of generalized association rules remains the same but the minimum
support is changed.

Let ms(a) denote the minimum support of an item a in I∪J . An itemset A =
{a1, a2, ..., ak}, where ai ∈ I∪J , is frequent if the support of A is larger than the
lowest value of minimum support of items in A, i.e., sup(A) ≥ minai∈A ms(ai). A
generalized association rule A ⇒ B is strong if sup(A ⇒ B) ≥ minai∈A∪B ms(ai)
and conf(A ⇒ B) ≥ minconf . The problem of mining generalized association
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Table 1. A transaction database(D)

tid Items Purchased
11 Notebook, Laser printer
12 Scanner, Dot-matrix printer
13 Dot-matrix printer, Ink-jet printer
14 Notebook, Dot-matrix printer, Laser printer
15 Scanner
16 Desktop computer

rules with multiple minimum item supports ms(a1), ms(a2), ..., ms(an) is to find
all generalized association rules that are strong.

Example 1. Consider a shopping transaction database D in Table 1 and the
taxonomy T as shown in Figure 1. Let the minimum support associated with
each item in the taxonomy be as below:

ms(Printer) = 80% ms(Non-impact) = 65% ms(Dot matrix) = 70%
ms(Laser) = 25% ms(Ink-jet) = 60% ms(Scanner) = 15%
ms(PC) = 35% ms(Desktop) = 25% ms(Notebook) = 25%

Let minconf be 60%. The support of the following generalized association rule

PC, Laser ⇒ Dot-matrix (sup = 16.7%, conf = 50%)

is less than min{ms(PC), ms(Laser), ms(Dot-matrix)} = 25%, thus makes this
rule fail. But another rule

PC ⇒ Laser(sup = 33.3%, conf = 66.7%)

holds because the support satisfies min{ms(PC), ms(Laser)} = 25%, and the
confidence is larger than minconf , respectively.

4 Methods for Generating Frequent Itemsets

4.1 Algorithm Basics

Intuitively, the process of mining generalized association rules with multiple min-
imum supports is the same as that used in traditional association rules mining:
First discovering all frequent itemsets, and then from these itemsets generat-
ing rules that have large confidence. Since the second phase is straightforward,
we concentrate on algorithms for finding all frequent itemsets. We propose two
methods, called MMS Cumulate and MMS Stratify, which generalize of the Cu-
mulate and Stratify algorithms presented in [8]; MMS stands for Multiple Min-
imum Supports.
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Let k-itemset denote an itemset with k items. Our algorithm follows the level-
wise approach widely used in most efficient algorithms to generate all frequent
k-itemsets. First, scan the whole database D and count the occurrence of each
item to generate the set of all frequent 1-itemsets (L1). In each subsequent step
k, k ≥ 2, the set of frequent k-itemsets, Lk, is generated as follows: 1) Generate
a set of candidate k-itemsets, Ck, from Lk−1, using the apriori-gen procedure
described in [2]; 2) Scan the database D, count the occurrence of each itemset
in Ck, and prune those with less support.

The effectiveness of such approach heavily relies on a downward closure prop-
erty: if any subset of a k-itemset is not frequent, then neither is the k-itemset.
Hence, we can preprune some less supported k-itemsets in the course of exam-
ining (k − 1)-itemsets. This property, however, may fail in the case of multiple
minimum supports. For example, consider four items a, b, c, and d that have
minimum supports specified as ms(a) = 15%, ms(b) = 20%, ms(c) = 4%, and
ms(d) = 6%. Clearly, a 2-itemset {a, b} with 10% of support is discarded for
10% < min{ms(a), ms(b)}. According to the downward closure, the 3-itemsets
{a, b, c} and {a, b, d} will be pruned even though their supports may be larger
than ms(c) and ms(d), respectively.

To solve this problem, Liu, et al. [5] have proposed a concept called sorted
closure property, which assume that all items within an itemset are sorted in
increasing order of their minimum supports. Since [5] did not clarify this impor-
tant property, we hence give a formalization. Hereafter, to distinguish from the
traditional itemset, a sorted k-itemset is denoted as 〈a1, a2, . . . , ak〉.

Lemma 1 (Sorted closure). If a sorted k-itemset 〈a1, a2, . . . , ak〉, for k ≥ 2
and ms(a1) ≤ ms(a2) ≤ . . . ≤ ms(ak), is frequent, then all of its sorted subsets
with k − 1 items are frequent, except the subset 〈a2, a3, . . . , ak〉.

The result in Lemma 1 reveals the obstacle in using the apriori-gen in gen-
erating frequent itemsets. For example, consider a sorted candidate 2-itemset
〈a, b〉. It is easy to find if we want to generate this itemset from L1, both items
a and b should be included in L1; that is, each one should be occurring more
frequently than the corresponding minimum support ms(a) and ms(b). Clearly,
the case ms(a) ≤ sup(a) ≤ sup(b) < ms(b) fails to generate 〈a, b〉 in C2 even
sup(〈a, b〉) ≥ ms(a).

To solve this problem, [5] suggest using a sorted itemset, called frontier set,
F = (aj , aj1 , aj2 , . . . , ajl

), to generate the set of candidate 2-itemsets, where
aj = minai∈I∪J {ai|sup(ai) ≥ ms(ai)}, ms(aj) ≤ ms(aj1) ≤ ms(aj2) ≤ . . . ≤
ms(ajl

), and sup(aji) ≥ ms(aj), for 1 ≤ i ≤ l. For details on generating C2 and
Ck, k ≥ 3 using F , please see [5].

4.2 Algorithm MMS Cumulate

As stated in [8], the main problem arisen from incorporating taxonomy informa-
tion into association rules mining is how to effectively computing the occurrences
of an itemset A in the transaction database D. This involves checking for each
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item a ∈ A whether a or any of its descendants are contained in a transaction t.
Intuitively, we can simplify the task by first adding the ancestors of all items in
a transaction t into t. Then a transaction t contains A if and only if the extended
transaction t+ contains A. Our MMS Cumulate is deployed based on this simple
concept with enhancements:

Lemma 2. [8] The support of an itemset A that contains both an item a and
its ancestor â is the same as the support for itemset A − {a}.

Lemma 3. An item a that is not present in any itemset of Lk will not be present
in any itemset of Ck+1.

Enhancement 1. Ancestor filtering: only ancestors that are in one or more
candidates of the current Ck are added into a transaction. That is, any
ancestor that is not present in any of the candidates in Ck is pruned.

Enhancement 2. Itemset pruning: in each Ck, any itemset that contains both
an item and its ancestor is pruned. This is derived from Lemma 2. But note
that the pruning should be performed for each Ck (k ≥ 2), instead of C2
only1.

Enhancement 3. Item-pruning: an item in a transaction t can be pruned if it
is not present in any of the candidates in Ck, as justified by Lemma 3.

Indeed, the concept of Enhancement 2 is derived from Lemma 3 as well.
Since an item may be a terminal or an interior node in the taxonomy graph and
the transactions in database D are composed of terminal items only, we have
to perform ancestor-filtering first and then item-pruning; otherwise, we will lose
the case that though some items are not frequent, in contrast are their ancestors.
Figure 2 shows an overview of the MMS Cumulate algorithm.

4.3 Algorithm MMS Stratify

The concept of stratification is introduced in [8]. It refers to a level-wise count-
ing strategy from the top level of the taxonomy down to the lowest level, hoping
that candidates containing items at higher levels will not have minimum sup-
port, yielding no need to count candidates which include items at lower levels.
However, this counting strategy may fail in the case of non-uniform minimum
supports.

Example 2. Let {Printer, PC}, {Printer, Desktop}, and {Printer, Notebook} are
candidate itemsets to be count. The taxonomy and minimum supports are de-
fined as Example 1. Using the level-wise strategy, we first count {Printer, PC} and
1 The statement of Lemma 2 in [8] is incorrect. For example, consider two itemsets

{a, b} and {a, c} in L2, and c is an ancestor of b. Note that b and c are not in the
same itemset, but clearly {a, b, c} will be in C3. This implies that we have to perform
the pruning not only in C2 but also all subsequent Ck, for k ≥ 3.
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Create IMS; /* the table of user-defined minimum support */
Create IA; /* the table of each item and its ancestors from taxonomy T */
SMS = sort(IMS); /* ascending sort according to ms(a) stored in IMS */
F = F -gen(SMS, D, IA); /* see [5] */
L1 = {a ∈ F |sup(a) ≥ ms(a)};
for ( k = 2; Lk−1 6= Ø;k + +) do

if k = 2 then C2 = C2-gen(F ); /* see [5] */
else Ck = Ck-gen(Lk−1); /* see [5] */
Delete any candidate in Ck that consists of an item and its ancestor;
Delete any ancestor in IA that is not present in any of the candidates in Ck;
Delete any item in F that is not present in any of the candidates in Ck;
for each transaction t ∈ D do

for each item a ∈ t do
Add all ancestors of a in IA into t;

Remove any duplicate from t;
Delete any item in t that is not present in F ;
Ct = subset(Ck, t); /* see [2] */
for each candidate A ∈ Ct do

Increment the count of A;
end for
Lk = {A ∈ Ck|sup(A) ≥ ms(A[1])}; /* A[1] denote the first item in A */

end for
Result =

⋃
k

Lk;

Fig. 2. Algorithm MMS Cumulate

assume that it is not frequent, i.e., sup({Printer,PC}) < 0.35. Since the mini-
mum supports of {Printer, Desktop}, 0.25, and {Printer, Notebook}, also 0.25,
are less than that of {Printer, PC}, we cannot assure that the occurrences of
{Printer, Desktop} and {Printer, Notebook}, though less than {Printer, PC}, are
also less than their minimum supports. In this case, we still have to count
{Printer, Desktop} and {Printer, Notebook} even {Printer, PC} do not have mini-
mum support.

The following observation inspires us to the deployment of the MMS Stratify
algorithm.

Lemma 4. Consider two k-itemsets 〈a1, a2, . . . , ak〉 and 〈a1, a2, . . . , âk〉, where
âk is an ancestor of ak. If 〈a1, a2, . . . , âk〉 is not frequent, then neither is 〈a1, a2,
. . . , ak〉.

Lemma 4 implies that if a sorted candidate itemset in higher level of the
taxonomy is not frequent, then neither are all of its descendants that differ
from the itemset only in the last item. Note that we do not make any relative
assumption about the minimum supports of the item ak and its ancestor âk.
This means that the claim in Lemma 4 applies to any specifications of ms(ak) =
ms(âk) (corresponding to uniform case), ms(ak) < ms(âk), or ms(ak) > ms(âk)
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(not ordinary case). As will be clear later, this makes our counting strategy
applicable to any specifications of user-specified minimum item supports.

We first divide Ck, according to the ancestor-descendant relationship claimed
in Lemma 4, into two disjoint subsets, called top candidate set TCk and resid-
ual candidate set RCk, defined as follows. Consider a set, Sk, of candidates in
Ck induced by the schema 〈a1, a2, . . . , ak−1, ∗〉, where ′∗′ denotes don’t care. A
candidate k-itemset A = 〈a1, a2, . . . , ak−1, ak〉 is a top candidate if none of the
candidates in Sk is an ancestor of A. That is,

TCk = {A|A ∈ Ck; ∀Ā ∈ Ck, A[i] = Ā[i], 1 ≤ i ≤ k − 1, A[k] = ancestor(Ā[k])},

and
RCk = Ck − TCk.

Example 3. Assume that the candidate 2-itemset C2 for Example 1 consists
of 〈Scanner, PC〉, 〈Scanner, Desktop〉, 〈Scanner, Notebook〉, 〈Notebook, Laser〉,
〈Notebook, Non-impact〉, and 〈Notebook, Dot-matrix〉, and the supports of the
items in higher levels are larger than those in lower levels. Then TC2 =
{〈Scanner, PC〉, 〈Notebook, Non-impact〉, 〈Notebook, Dot matrix〉} and RC2 =
{〈Scanner, Desktop〉, 〈Scanner, Notebook〉, 〈Notebook, Laser〉}.

Our approach is that, in each pass k, rather than counting all candidates in
Ck as in MMS Cumulate, we count the supports of candidates in TCk, deleting
as well as their descendants in RCk the candidates that do not have minimum
support. If RCk is not empty, we then perform an extra scanning over the trans-
action database D to count the remaining candidates in RCk. Again, the less
frequent candidates are eliminated. The resulting TCk and RCk, called TLk and
RLk respectively, form the set of frequent k-itemsets Lk. The enhancements used
in the MMS Cumulate algorithm apply to this algorithm as well.

5 Experiments

In this section, we evaluate the performance of algorithms MMS Cumulate and
MMS Stratify, using the synthetic dataset generated in [2][8]. The parameter
settings are shown in Table 2. The experiments were performed on an Intel
Pentium-II 350 with 64MB RAM, running on Windows 98.

We first compare the execution times of MMS Cumulate and MMS Stratify
for different settings of uniform minimum support, ranging from 1.0% to 2.5%.
The results are shown in Figure 3. At high minimum support, MMS Cumulate
and MMS Stratify take about the same time since there were only a few rules
and most of the time was spent on scanning the database. At low minimum
support, MMS Stratify performs better than MMS Cumulate, with the gap in-
creasing as the minimum support decreases. The reason is that MMS Stratify
can prune much more candidates to overcompensate the time spent on scanning
the database.
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Table 2. Parameter settings for synthetic data generation

Parameter Default value
|D| Number of transactions 100,000
|t| Average size of transactions 5
|I| Average size of the maximal potentially frequent itemsets 2
N Number of items 200
R Number of groups 30
L Number of levels 3
f Fanout 5
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Fig. 3. Execution times for various minimum supports

We then compare the efficiency of MMS Cumulate and MMS Stratify for
multiple minimum supports. Here, we adopt the ordinary case that the minimum
support of an item a is no larger than any of its ancestors â, i.e., ms(a) ≤ ms(â).
This assumption conforms to the fact that the support of an item in the database
is less than that of its ancestors. The minimum supports ranging from 1.0% to
6.0% were specified to items randomly. The results are shown in Figure 4. Algo-
rithm MMS Stratify performs slightly better than MMS Cumulate, with the gap
increasing as the number of transactions increases. The results also display the
scalability of the algorithms. Both MMS Cumulate and MMS Stratify exhibit
linear scale-up with the number of transactions.

6 Conclusions

We have investigated in this paper the problem of mining generalized association
rules in the presence of taxonomy and multiple minimum support specification.
The classic Apriori itemset generation, though works in the presence of tax-
onomy, fails in the case of non-uniform minimum supports. We presented two
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Fig. 4. Transactions scale-up for multiple min supports

algorithms, MMS Cumulate and MMS Stratify, for discovering these general-
ized frequent itemsets. Empirical evaluation showed that these two algorithms
are very effective and have good linear scale-up characteristic. Between the two
algorithms, MMS Stratify performs somewhat better than MMS Cumulate, the
gap increasing with the problem size, such as the number of transactions and/or
candidate itemsets.
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A Theoretical Framework for Association Mining based 
on the Boolean Retrieval ~ o d e l *  

Peter ~ollmann-~dorra', Alaaeldin M. ~ a f e z '  and Vijay V. ~ a ~ h a v a n '  

Abstract. Data mining has been defined as the non- trivial extraction of 
implicit, previously unknown and potentially useful information from data. 
Association mining is one of the important sub-fields in data mining, where 
rules that imply certain association relationships among a set of items in a 
transaction database are discovered. 
The efforts of most researchers focus on discovering rules in the form of 
implications between itemsets, which are subsets of items that have adequate 
supports. Having itemsets as both antecedent and precedent parts was motivated 
by the original application pertaining to market baskets and they represent only 
the simplest form of predicates. This simplicity is also due in part to the lack of 
a theoretical framework that includes more expressive predicates. 
The framework we develop derives from the observation that information 
retrieval and association mining are two complementary processes on the same 
data records or transactions. In information retrieval, given a query, we need to 
find the subset of records that matches the query. In contrast, in data mining, we 
need to find the queries (rules) having adequate number of records that support 
them. 
In this paper we introduce the theory of association mining that is based on a 
model of retrieval known as the Boolean Retrieval Model. The potential 
implications of the proposed theory are presented. 

Keywords: Data Mining, Association Mining, Theory of Association Mining, 
Boolean Retrieval Model. 

1 Introduction 

Knowledge discovery in databases is the process of identifying useful and novel 
structure (model) in data [7, 8, 121. Data Mining is considered as one of the main 
steps in the knowledge discovery process and it is concerned with algorithms used to 
extract potentially valuable patterns, associations, trends, sequences and dependencies 
in data. Other steps in knowledge discovery include data preparation, data selection 
and data cleaning. Association mining is one of the central tasks in data mining [7, 14, 
191. Association mining is the process that discovers dependencies among values of 
certain attributes on values of some other attributes [ I  -4,6, 121. 
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Data mining techniques can discover rules that most traditional business analysis and 
statistical techniques fail to deliver. Furthermore, the application of data mining 
techniques enhances the value of data by converting expensive volumes of data into 
valuable rules for future tactical and strategic business development. Unfortunately, 
most mining techniques focus on only a narrow view of the data mining problem [7, 
8, 9, 13, 151. Researchers focus on discovering rules in the form of implications 
between itemsets, which are subsets of items that have adequate supports [I-4, 6, 10, 
11, 14, 18, 191. Having frequent itemsets as both antecedent and precedent parts was 
motivated by the original application pertaining to market baskets and they represent 
only the simplest form of predicates. This simplicity is also due in part to the lack of a 
theoretical framework that includes more expressive predicates. Unlike information 
retrieval systems that are supported by a strong theoretical background [5, 16, 171, 
where it provides advanced capabilities that give the user the power to ask more 
sophisticated and pertinent questions. It empowers the right people by providing the 
specific information they need. 

The framework we develop derives from the observation that information retrieval 
and association mining are two complementary processes on the same data records or 
transactions. In information retrieval, given a query, we need to find the subset of 
records that matches the query. In contrast, in data mining, we need to find the queries 
(rules) having adequate number of records that support them. 

In this paper we introduce the theory of association mining that is based on a model of 
retrieval known as the Boolean Retrieval Model. The theory for association mining 
based on this model offers a number of insights: 

l a Boolean query that uses only the AND operator (i.e. a conjunction) is 
analogous to an itemset, 

l a general Boolean query (involving AND, OR or NOT operators) has 
interpretation as a generalized itemset, 

l notions of support of itemsets and confidence of rules can be dealt with 
uniformly, and 

l an event algebra can be defined, involving all possible transaction subsets, to 
formally obtain a probability space. 

In section 2, we give the problem definition. The generalized itemsets and Boolean 
queries are introduced in section 3. In section 4, the rules and their response strengths 
are given. Finally, the paper is concluded in section 5. 

2. Problem Definition 

2.1 Notation 

I Set of all items {il, i2, . . ., in} 
2' Set of all possible transactions. 

t A transaction 
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Set of transactions Itl, t2, . . ., tm) 
Frequency of transaction t 
Weight of t  
Normalized weight of t  
A query; a Boolean expression on items I 
Set of all queries q 
Set of all conjunctive queries 
An item-set 
The item-set of all items corresponding to q~ Q 
The response set of query q 
The response of query q 
Support set of item-set A, 
Support of item-set A, 

2.2 Association Mining 

Association mining was introduced by Agrawal et al.[l], it has emerged as a 
prominent research area. The association mining problem also referred to as the 
market basket problem can be formally defined as follows. Let I = {il,i2, . . . , in) be a 
set of items as S = {sl, s2, . . ., s,) be a set of transactions, where each transaction si€ 
S is a set of items that is si G I .  An association rule denoted by X  Y, where X, Y  c 
I and X  r, Y  = @, describes the existence of a relationship between the two itemsets 
X  and Y. 

Several measures have been introduced to define the strength of the relationship 
between itemsets X and Y such as support, confidence, and interest. The definitions 
of these measures, from a probabilistic model are given below. 

I. 

II. 

III. 

2.3. 

Support (X a Y )  = P ( X , Y ) ,  or the percentage of transactions in the 
database that contain both X  and Y. 
Confidence ( X  a Y )  = P ( X , Y ) I P ( X ) ,  or the percentage of transactions 
containing Y  in transactions those contain X. 
Interest( X  - Y )  = P  ( X  , Y )  1 P ( X  ) P  ( Y )  represents a test of statistical 
independence. 

Boolean Association Mining 

Given a set of items I = {i,, i2, . . ., in}, a transaction t is defined as a subset of 
items such that t ~ 2 ' ,  where 2'= (0, {ill ,  {i2}, ..., {in}, {il, i2}, ..., { il, i2, 
..., in)).  In reality, not all possible transactions might occur. For example, 
transaction t = 0 is excluded. 

Let T L 2' be a given set of transactions {t,, t2, . . ., tm}. Every transaction 
~ E T  has an assigned weight w'(t). Several possible weights could be 
considered. 

23A Theoretical Framework for Association Mining



w'(t) = 1, for all transactions t~ T. 
w'(t) = f(t), where f(t) is the frequency of transaction t, for all transactions 

~ E T ,  i.e., how many times the transaction t was repeated in our 
database. 

w'(t) = Itl * g(t) for all transactions t~ T, where Itl is the cardinality of t ,  and g(t) 
could be either one of the weight functions w'(t)'s defined in (i) and 
(ii). In this case, longer transactions get higher weight. 

~ ' ( t )  = v(t) * f(t) for all transactions t~ T, where v(t) could be the sum of the 
prices or profits of those items in t. 

The weights w's are normalized to 

w ( t )  = l u J f t )  , and x w ( t )  = I 
x w ' f t ' )  V tc T 

V t't T 

Example 2.1: Let I = {beer, milk, bread] be the set of all items, where price(beer) = 
5, price(mi1k) = 3, and price(bread) = 2. A set of transactions T along with their 
frequencies are given in the following table, 

Using weight definitions (i)-(iv), the corresponding weights are 

# 
1 
2 
3 
4 
5 
6 

(ii) 

0.2 0.25 0.15 

(iii) using (ii) as g(t) 
{mi lk)  {hrcrd}  {hccr,hrcrd] 77~ 1 10 1 40 

t 
{beer} 

{milk} 
{bread} 
{beer, bread} 
{milk, bread} 
{beer, milk, bread} 

f(t) 
22 
8 
10 
20 
25 
15 
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3. Item-Sets and Their Representation as Queries 

Item-sets describe items in transactions. In the following three definitions, we give the 
formal definitions for expressing item-sets as queries (i.e., logical expressions), the 
set of transactions making up the response set of a query, and support. 

Definition 3.1: For a given set of items I, the set Q of all possible queries associated 
with item-sets created from I is defined as follows. 
i~ T a i ~  Q, 

99 9' E Q q A q ' ~  Q 
These are all. 

Definition 3.2: For any query q E Q, the response set of q, RS(q), is defined as 
follows: 
For all atomic i E Q, RS(i) = { t ~  T I i~ t} 
RS (q A q') = RS(q) n RS(q') 

Definition 3.3: Let q = ( i , ~ i ? ~ . . . ~ i ~ )  and A, denote the item-set associated with q; 
that is, A, = {i , ,  i2, . .., ik}, the support of A, is defined as 

S ( A q )  = x v ( t ) ,  where q = ( i n  i2n A i,). 
V t~ R S ( q )  

Lemma 3.1: The support set of A, ; SS(A,), equals to RS(q). 

Proof: Following the usual definition of a support set, the proof of lemma 3.1 is 
straightforward. 

Example 3.1: Let w(t) be defined as in case (ii) in example 2.1. Definitions 3.1, 3.2 
and 3.3 are illustrated in the following table. 

z {bread} 
beer~milk  { beer,milk} 
beer~bread { beer,bread} { b t o  1 0.35 
milk~bread { milk,bread } { t5,k 1 0.4 
bee r~mi lk~bread  {beer,milk,bread } { t6} 0.15 
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Example 3.2: Let w(t) be defined as in case (iv) in example 2.1. The corresponding 
table is 

{ beer } 
{milk} 

By comparing the support values in examples 3.2 and 3.1, and because the weight 
values of larger transactions are considered, in example 3.2, all support values are 
higher than those in example 3.1. But when the relative support formula (i.e., 

s ( A q )  ) is used, all support values in example 3.1 are higher than those in example 
S({x,y,z)I  

3.2. 

Lemma 3.2: For queries q, q l ,  q2 and q,, the following axioms hold: 

Example 3.3: RS((x, A x2) A (x3 A x2)) = RS(xI A x2 A x3) 

In order to apply probabilities, we need a full set of algebra, and so, we need to 
redefine item-sets. 

Definition 3.4: For a given set of items I, the set Q* of all possible queries is defined 
as follows. 
i~ I J i E  Q*, 
q, q' E Q* J q A q'E Q* 
q, q' E Q* * q v q' E Q* 
q E  Q * J l q €  Q* 
These are all. 

Definition 3.5: For any query q E Q*, the response set of transactions, R (q) is 
defined as 

Foral l i  E Q*, RS (i) = { ~ E T  I k t ]  
RS (q A q') = RS (q) n RS (q') 
RS (q v q') = RS (q) u RS (q') 
RS ( l q )  = T - RS (q) 
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In analogy to lemma 3.2, we may apply all axioms of Boolean algebra on elements of 
Q*. Consequently, we can show that response sets of equivalent Boolean expressions 
are equal. 

Theorem 3.1: If q is a transformation of q' that is obtained by applying the rules of 
Boolean algebra, then 

RS(q)= W q ' )  

Each q E Q* can be considered as a generalized itemset. The itemsets investigated in 
earlier works only consider q E Q. 

Lemma 3.3: {RS(q) I q E ~ * } = 2 ~  
Proof: 
6)  {RS(q) I q E Q* } c 2T is trivial 

(ii) We need to prove 2T {RS(q) I q E Q'3}. 
Let T, = {t l ,  t2, . .., tl,} E 2"', where t l ,  t2, . . ., tk are transactions. Let ti = {xl ,  xz, . . ., xP} 
and {yl ,  y2, ..., y,) = I - T,. Now, if qi = xl A x2 A ... A x,, A l y l  A l~? A ... A l y ,  , 
then RS(q,) = ti. Now, let q = q l  v q2 v . .. v qk , then RS(q) = T,. 

Let P be a function, where P : 2'" + [0,1]. For RS(q), q E Q*, we define 

P is well defined because, 

Theorem 3.2: (T, 2' ,  P) is a probability space. 

Proof: Check Kolmogaroff axioms. 

Lemma 3.3 implies that for every subset T, of T, such that the cardinality of T, is 
greater than or equal to the minimum support, there exists at least one query q E Q*, 
where q is frequent. The generated queries, which are generalized itemsets, could 
have different complexities and lengths. In order to only generate understandable 
queries, new restrictions or measures, such as, compactness and simplicity, should be 
introduced. 

4. Rules and Their Response Strengths 

Let q and q' be conjunctive queries in Q. 

Definition 4.1: The confidence of a rule A, 3 A,. is defined as R(q A q') , (assume 
R(q) 
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Definition 4.2: The interest of a rule A, a A,. is defined as R(q  A 4 )  , (assume 
R(q)" R(q') 

Definition 4.3: The support of a rule A, =+ A,. is defined as 
S ( A ,  + A q 3 )  = R ( i q v  q')  

Lemma 4.1: For a rule A ,  a A,., S ( A ,  A, . )  = 1 - R ( q )  + R ( q  A q ' )  

Proof: 
SS(A, + A , , )  = R S ( i q v  9 ' )  

= R S ( i q ) u  RS(q ' )  

= ( T  - R S ( q ) ) u  RS(q ' )  

= T - ( R S ( q ) -  RS(q  A 9 ' ) )  

Lemma 4.2: For a rule A, A,., 
S ( A ,  o A , , ) =  1 - R ( q )  - R ( q 7 ) +  2 " R ( q ~  q ' )  

For a query (or a rule) A, + A,, , the confidence measure is given in definition 4.1, 

and the support measure is given in definition 4.2 and lemma 4.1. Although the two 
measures look similar, as explained below, having the support measure instead of the 
confidence measure could also give information about the interest of a rule. 

Let 6 = R ( q )  - R(q  A q' ) . The confidence and support of A, + Aq2 are 

S(A,  3 A,.)  = 1 - 6 

In conf ( A ,  + A q 3 ) ,  if R(qj is increased and the value of 6 is fixed (i.e., all new 

transactions are having both q and q'), the ratio - will get smaller, and 
R ( q )  
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conf (Ap a Aq,) will get larger. If we have such a case, where all new transactions 

are having both q and q', then the rule Aq + Aqj should not be considered as an 

interesting rule. Thus, in the support measure, we not only consider the confidence of 
a rule but also the interest of this rule. 

5. Conclusions 

In this paper we introduce the theory of association mining that is based on a model 
of retrieval known as the Boolean Retrieval Model. The framework we develop 
derives from the observation that information retrieval and association mining are 
two complementary processes on the same data records or transactions. In 
information retrieval, given a query, we need to find the subset of records that 
matches the query, while in data mining, we need to find the queries (rules) having 
adequate number of records that support them. 

In the traditional association mining formulation, only the conjunction operator is 
used in forming itemsets (queries). Based on the theory of Boolean retrieval, we 
generalize the itemset structure by using all Boolean operators. By introducing the 
notion of support of generalized itemsets, a uniform measure for both itemsets and 
rules (generalized itemsets) has been developed. Support of a generalized itemset is 
extended to allow transactions to be weighted so that they can contribute to support 
unequally. This is achieved by the introduction of weight functions. 

Since every subset of T has at least one generalized itemset, there can be very large 
number of frequent generalized itemsets, many of which could have complex 
structures. In order to only generate understandable queries, new restrictions or 
measures, such as, compactness and simplicity, should be introduced. 
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Abstract. The problem of mining multidimensional inter-transactional
association rules was recently introduced in [5, 4]. It extends the scope
of mining association rules from traditional single-dimensional intra-
transactional associations to multidimensional inter-transactional asso-
ciations. Inter-transactional association rules can represent not only the
associations of items happening within transactions as traditional intra-
transactional association rules do, but also the associations of items
among di�erent transactions under a multidimensional context. \After
McDonald and Burger King open branches, KFC will open a branch two

months later and one mile away" is an example of such rules. In this
paper, we extend the previous problem de�nition based on context ex-
pansions, and present a generalized multidimensional inter-transactional

association rule framework. An algorithm for mining such generalized
inter-transactional association rules is presented by extension of Apri-
ori. We report our experiments on applying the algorithm to real-life
data sets. Empirical evaluation shows that with the generalized inter-
transactional association rules, more comprehensive and interesting as-
sociation relationships can be detected.

1 Introduction

Since its introduction [1], the problem of mining association rules from large
databases has been the subject of numerous studies, including e�cient, Apriori-
like mining methods, mining generalized, multi-level, or quantitative association
rules, association rule mining query languages, constraint-based rule mining, in-
cremental maintenance of discovered association rules, parallel and distributed
mining, mining correlations and causal structures, cyclic, interesting and surpris-
ing association rule mining, and mining association rules with multiple supports.

Recently, the notion of multidimensional inter-transactional association rules

was introduced in [5, 4]. It is motivated by the observation that many real-
world associations happen under certain contexts. However, in the traditional
association mining, this contextual information has received less exploration due
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to the fact that such rule mining is intra-transaction in nature, i.e., only looking
at associations happening within the same transaction, which could be the items
bought by the same customer, the events happening at the same time, etc.
With the classical association rules, we can represent such knowledge as \80%
of customers who buy diapers also buy beer during the same visit", \When the

prices of IBM and SUN go up, Microsoft's will most likely increase on the same

day". On the other hand, an inter-transactional association rule can represent
not only the associations of items within transactions, but also the associations of
items among di�erent transactions along certain dimensions. \After McDonald

and Burger King open branches, KFC will open a branch two months later and

one mile away" is a 2-dimensional inter-transactional association rule example,
where time and space constitute its 2-dimensional existence context. Two types
of algorithms, named E/EH-Apriori (Extended/Extended Hash-based Apriori)
[5, 4] and FITI (First-Intra-Then-Inter) [6], were described for mining this kind of
inter-transactional association rules. A template-guided constraint-based inter-
transactional association mining approach was described in [3].

However, the previous problem de�nition of inter-transactional association
rule mining as introduced in [5, 4] has the limitation because the contexts of asso-
ciation relationships explored are very rigid. If we view each database transaction
as a point in an m-dimensional space, each item in such an inter-transactional
association rule must come from a single transaction, located at a certain con-
textual point, although the rule itself may embrace many items from di�erent
transactions. For ease of explanation, in the following discussions, we refer to this
kind of inter-transactional association rules as point-based inter-transactional

association rules, since only items occurring at di�erent contextual points are
explored with their correlationships detected.

Nevertheless, in real situations, the context under investigation is not always
uniform due to the presence of possible data holes, which are analogous to the
\missing parts" of a jigsaw puzzle. These data holes constitute meaningless con-
texts for the occurrence of any database transaction. Taking the above fast-food
outlet rule for example, if one mile away from McDonald restaurant 
ows a wide
river in some areas, then it would not be possible for any shop to be set up there.
These areas thus give negative supports to the rule which in fact describes the
reality that fast-food outlets usually gather together. When the mining context
contains a number of holes like this, there is the risk that some rules re
ecting
regularities will receive unreasonably lower support/con�dence compared to real
situations, and some of them may be neglected by data miners.

This mining context problem, however, can be recti�ed by patching data holes
while performing the mining. In other words, we can expand rule contexts from
point-based (e.g., one mile away) to scope-based (e.g., within one mile and three

miles away). In fact, for many applications, it does not matter whether an item in
an inter-transactional association rule is within a single transaction or a group
of transactions, provided that the contextual scope where these transactions
locate is meaningful and of interest to applications. By context expansions, we
can enhance the 
exibility and expressiveness of inter-transactional association
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framework to capture more comprehensive and general knowledge like \After
McDonald and Burger King open branches, KFC will open a branch two months

later and between one and three miles away".
The aim of this paper is to extend the previous problem de�nition of multi-

dimensional inter-transactional association rules given in [5, 4] based on context
expansion. We call such extended association rules generalized multidimen-

sional inter-transactional association rules, since they provide a uniform

view for a number of association and sequence related patterns de�ned before.
The remainder of the paper is organized as follows. Section 2 gives a for-

mal description of the problem of mining generalized multidimensional inter-
transactional association rules. Section 3 describes an algorithm for mining such
association rules, with the performance evaluation presented in section 4. Section
5 concludes the paper.

2 Problem Statement

An m-dimensional context can be de�ned through m dimensional attributes
a1; a2; : : : ; am, whose domains Dom(a1); Dom(a2); : : : ; Dom(am) are �nite sub-
sets of nonnegative integers. Such an m-dimensional space constitutes the oc-
currence context of association rules discussed later.

Let nl = (nl:a1; nl:a2; : : : ; nl:am) and nu = (nu:a1; nu:a2; : : : ; nu:am) be two
contextual points in an m-dimensional space, whose values on the m dimensions
are represented as nl:a1; nl:a2; : : : ; nl:am and nu:a1; nu:a2; : : : ; nu:am, respec-
tively. We de�ne
1) (nl = nu) i� 8ai 2 fa1; : : : ; amg (nl:ai = nu:ai);
2) (nl � nu; conversely nu � nl) i� 8ai 2 fa1; : : : ; amg (nl:ai � nu:ai);
3) (nl � nu; conversely nu � nl) i� (nl � nu) ^ 9ai 2 fa1; : : : ; amg (nl:ai <
nu:ai):

Delimited by two points nl and nu (nl � nu), an m-dimensional contextual
scope [nl; nu] can be formed. A point ni lies within the scope [nl; nu], denoted
as ni 2 [nl; nu], i� (nl � ni � nu). Given two contextual scopes [nl; nu]
and [n0

l
; n0

u] in an m-dimensional space, the following three boolean comparison
operators can be de�ned:
1) inclusive([nl; nu]; [n0

l
; n0

u
]) is true, i� (nl � n0

l
) ^ (nu � n0

u
).

2) intersect([nl; nu]; [n0

l
; n0

u]) is true, i� 9ni (ni 2 [nl; nu]) ^ (ni 2 [n0

l
; n0

u]).
3) precedence([nl; nu]; [n0

l
; n0

u
]) is true, i� (nu � n0

l
).

Let I = fi1; i2; : : : ; i!g denote a set of literals, called items. A traditional
transactional database T is a set of transactions ft1; t2; � � � ; tng, where ti (i =
1; 2; : : : ; n) is a subset of I. Such a database model is enhanced under an m-
dimensional context by associating each transaction with an m-dimensional at-
tribute value, so that each database transaction t 2 T can be mapped to a point
ni in an m-dimensional contextual space, describing its occurrence context.

We call a transaction t 2 T happening at an m-dimensional contextual point
ni an extended transaction, and denote it as t(ni). Let TE be the set of all
extended transactions in the database. We call an item i 2 I happening within
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an m-dimensional contextual scope [nl; nu] an extended item, and denote it as
i[nl; nu]. Given two extended items i[nl; nu] and i0[n0

l
; n0

u]
, we de�ne

1) (i[nl; nu] = i0[n0

l
; n0

u]
) i� (i = i0) ^ (nl = n0

l) ^ (nu = n0

u);

2) (i[nl; nu] < i0[n0

l
; n0

u]
) i� (i < i0) _ (i = i0 ^ precedence([nl; nu]; [n0

l; n
0

u])).

The set of all possible extended items, IE , is de�ned as a set of i[nl; nu] for any
i 2 I within all possible scopes [nl; nu] in the m-dimensional space.

Let Ie = fi1 [n1;l; n1;u]; i2 [n2;l; n2;u]; : : : ; ik [nk;l; nk;u]g be an extended item
set, where nx;l = (nx;l:a1; nx;l:a2; : : : ; nx;l:am) and nx;u = (nx;u:a1; nx;u:a2; : : : ;

nx;u:am) (1 � x � k). We call Ie a normalized extended item set, if within all the
contextual scopes involved, the minimal dimensional value is 0 along each dimen-
sion, i.e., 8as 2 fa1; : : : ; amgMin(n1;l:as; n1;u:as; : : : ; nk;l:as; nk;u:as) = 0:
Let INE denote the set of all possible normalized extended item sets in the
database.

In a similar fashion, we call a set of extended transactions, Te = ft1(n1); t2(n2);
: : : ; tr(nr)g where nx = (nx:a1; nx:a2; : : : ; nx:am) (1 � x � r), a normalized

extended transaction set, if within all the contextual points involved, the min-
imal dimensional value is 0 along each dimension, i.e., 8as 2 fa1; : : : ; amg
Min(n1:as; n2:as; : : : ; nr:as) = 0:

Any non-normalized extended item (transaction) set can be transformed into
a normalized one through a normalization function calledNorm, whose intention
is to re-position all contextual scopes (points) in the set based on its minimal
dimensional value along each dimension.

Example 1. Let Ie = fa[(0;0); (1;0)]; b[(1;1); (1;2)]g; I
0

e = fa[(1;0); (2;0)]; b[(2;1); (2;2)]g
be two extended item sets in a 2-dimensional space. Ie is a normalized extended
item set, since it has minimal value 0 for both dimensions, i.e., min(0; 1; 1; 1) =
0 and min(0; 0; 1; 2) = 0: But I 0

e is not due to its non-zero minimal value
min(1; 2; 2; 2) = 1 for the �rst dimension. We can normalize I 0

e by subtract-
ing this minimal value 1 from the four delimiting points' �rst dimensional val-
ues, and then re-position the contextual scopes in I 0

e as follows: [(1-1; 0); (2-
1; 0)] = [(0; 0); (1; 0)], [(2-1; 1); (2-1; 2)] = [(1; 1); (1; 2)]. The converted itemset
I 00

e = fa[(0;0); (1;0)]; b[(1;1); (1;2)]g turns into a normalized extended itemset.

De�nition 1. A generalized multidimensional inter-transactional asso-

ciation rule is an implication of the form X ) Y , satisfying the following two

conditions:

1) X � IE, Y � IE , X [ Y � INE ; X \ Y = ;;
2) 8i[ns;l; ns;u] 2 (X [ Y ) 6 9i[n0

s;l
; n0

s;u]
2 (X [ Y ); where intersect([ns;l; ns;u];

[n0

s;l; n
0

s;u]) is true.

The �rst clause of the de�nition states that only a normalized extended item set
X [ Y is considered by a rule. The second clause requires that no two extended
items with the same item but intersected contextual scopes co-exist in one rule.
This is to avoid verbose rules like \a[(0);(0)], a[(0);(2)] ) b[(2);(4)]", \a[(0);(0)] )

b[(2);(2)], b[(2);(4)]" or \a[(0);(0)] ) a[(0);(2)], b[(2);(4)]", since the presence of a[(0);(0)]
implies the presence of a[(0);(2)], and so does the pair of b[(2);(2)] and b[(2);(4)].
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Based on De�nition 1, a rule like \if there is no rain within 6 hours and the

weather is medium wet during the following 24 hours, then there will be no rain

for 2 days" can be expressed by a generalized 1-dimensional inter-transactional
association rule \no-rain [(0); (1)], medium-wet [(2); (5)] ) no-rain [(2); (9)]". Here,
each interval unit represents 6 hours.

De�nition 2. Given two subsets of a normalized extended itemset Ine, X and

Y . Let Txy be the set of minimal extended transaction sets that contain X [ Y ,

and Tx be the set of minimal extended transaction sets that contain X. The

support and con�dence of a generalized multidimensional inter-transactional

association rule X ) Y are de�ned as:

support(X ) Y ) = jTxyj=jTE j; confidence(X ) Y ) = jTxyj=jTxj.

Given a user-speci�ed minimum support (called minsup) and minimum con-
�dence (called minconf ), our task is to discover from a multidimensional con-
textual space a complete set of generalized multidimensional inter-transactional
association rules with support � minsup and confidence � minconf .

3 Mining Generalized 1-Dimensional Inter-Transactional

Association Rules

Like classical association rule mining, the problem of mining generalized inter-
transactional association rules can be decomposed into two subproblems: 1)
large normalized extended itemset discovery; 2) generalized inter-transactional
association rule derivation. Figure 1 outlines a generalized 1-dimensional inter-
transactional association mining algorithm by extension of Apriori [2]. To sim-
plify expressions, we omit bracket ( ) surrounding coordinates of points under
1-dimension, and use [l; u] for [(l); (u)]. Also, itemset and extended itemset can
be used interchangeably in the following discussion.

3.1 Pass 1

Generation of candidate set C1. In real applications, users are usually inter-
ested in associations happening within certain limited scopes. Here, we introduce
a maxscope threshold to specify the maximal scope of interest to applications.
Given maxscope = 3, Figure 2 illustrates all the contextual scopes considered
in our mining task. To generate candidate set C1, for each item in I, we attach
all these possible contextual scopes, and obtain C1 = ffi[l; u]g j (i 2 I) ^ (l �
u) ^ (0 � l � maxscope) ^ (0 � u � maxscope)g: Hence, jC1j = jIj �
j
Pmaxscope

u=l (
Pmaxscope

l=0 i[l; u])j = jIj � (maxscope+ 1) � (maxscope+ 2)=2:

Counting candidates in C1. As candidate 1-itemsets (e.g., a[0; 3]; a[1; 1];
a[2; 3]) may span a set of transactions within contextual scopes (from 0 to
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Input: a database DB containing an extended transaction set TE under a single-
dimensional context; a minsup threshold and a maximal contextual scope
maxscope of interest to applications.

Output: a set of large normalized extended itemsets L discovered from the database.

k=1

1 L1 = ;;
2 C1 = ffi[l; u]g j (i 2 I) ^ (l � u) ^ (0 � l � maxscope) ^ (0 � u � maxscope)g;
3 foreach extended transaction ts(s) 2 TE do

4 Ts = fts+d(s+ d) j (ts+d(s+ d) 2 TE) ^ (0 � d � maxscope)g;
5 foreach extended transaction ts+d(s+ d) 2 Ts do
6 foreach item i 2 ts+d do

7 for (u = d; u � maxscope; u++) do
8 i[d; u]:count++; //increase along arrow " shown in Figure 2
9 for (l = d-1; l � 0; l{) do
10 if (i 62 ts+l) then i[l; d]:count++; //increase along arrows -
11 else break;
12 endfor

13 Transform-Record-TranSet (Ts; DB0);
14 endfor

15 L1 = ffi[l; u]g j (i[l; u] 2 C1) ^ (i[l; u]:count=jTE j � minsup)g

k>1
16 for (k = 2;Lk�1 6= �; k ++) do
17 Ck=E-Apriori-Gen(Lk�1);
18 foreach record r 2 DB0 do

19 Cr = E-Subset (Ck ; r); // candidates contained in record
20 foreach candidate X : fi1[l1; u1]; : : : ; ik[lk; uk]g 2 Cr do X:count++;
21 endfor

22 Lk = fX : fi1[l; u]; : : : ; ik[lk; uk]g j (X 2 Ck) ^ (X:count=jTE j � minsup)g;
23 endfor

24 L =
S

k
Lk.

Fig. 1. A generalized 1-dimensional inter-transactional association mining algorithm

[1, 3]

[1, 2]

[1, 1]

[2, 3]

[2, 2]

[0, 3]

[0, 2]

[0, 0] [3, 3]

[0, 1]

Fig. 2. 1-dimensional contextual scopes considered when maxscope=3
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maxscope at most), to count supports of candidates, from each extended trans-
action ts(s) in the database, 1 we examine a set of minimal normalized extended
transactions Ts instead of only itself (line 4).

Property 1. Let Ts = fts+d(s+d) j (ts+d(s+d) 2 TE) ^ (0 � d � maxscope)g be
an extended transaction set. For any two extended 1-itemsets i[l; u] and i[l0; u0],
where (i 2 I) and inclusive ([l0; u0]; [l; u]) is true, if Ts contains i[l; u], then Ts
also contains i[l0; u0].

Based on Property 1, when an item i appears in a transaction ts+d(s+d) 2 Ts
(line 6), the algorithm increases not only the counter of i[d; d], but also the
counters of all those 1-itemsets i[l; u] where inclusive([l; u]; [d; d]) along vertical
and slanted arrows in Figure 2 (line 6-12). Line 10 ensures each counter increases
at most by 1, given one minimal extended transaction set Ts,

Database transformation. Compared with intra-transactional associa-
tion mining, from each transaction, we need to scan (maxscope+1) times the
number of items. In order to save this extra search e�ort for the following passes,
another work conducted during pass 1 is to transform and record every extended
transaction set Ts into a new database DB0. This is performed by the function
Transform-Record-TranSet (Ts; DB0) (line 13).

3.2 Pass k>1

Candidate generation. Given Lk�1, the candidate generation function E-
Apriori-Gen(Lk�1) returns a superset Ck of Lk (line 17). This procedure has two
parts. In the join phase, a candidate k-itemsetX 00 is generated from two large (k-
1)-itemsetsX andX 0, where X = fx1[l1;u1]; : : : ; xk�2[lk�2;uk�2]; xk�1[lk�1 ;uk�1]g,
X 0 = fx01[l0

1
;u0

1
]; : : : ; x

0

k�2[l0
k�2

;u0
k�2

]; x
0

k[l0
k
;u0
k
]g, X

00 = fx1[l1;u1]; : : : ; xk�2[lk�2;uk�2];

xk�1[lk�1;uk�1]; x
0

k[l0
k
;u0
k
]g;

2 satisfying the following three requirements:

1)X;X 0 2 Lk�1; 2) (x1[l1;u1] = x01[l0
1
;u0

1
]); : : : ; (xk�2[lk�2 ;uk�2] = x0

k�2[l0
k�2

;u0
k�2

]);

(xk�1[lk�1;uk�1] � xk[lk;uk ]); 3) X
00 2 INE (i.e., X 00 is an normalized extended

itemset).
When k=2, to obtain normalized candidate 2-itemsets, either (l1 = 0) in X =
fx1[l1;u1]g or (l01 = 0) in X 0 = fx01[l0

1
;u0

1
]g. When k > 2, since X;X 0 are normal-

ized extended itemsets, the superset of them X 00 = X [X 0 is also a normalized
extended itemset. Next, in the prune phase, we delete all those itemsets in Ck

which have some (k-1)-subsets whose normalization forms are not in Lk�1.

Example 2. Let L2 = ffa[0;0]; b[0;1]g; fa[0;0]; c[1;3]g; fb[0;1]; c[1;3]g; fb[0;1]; d[2;3]gg .
After the join step, C3 = ffa[0;0]; b[0;1]; c[1;3]g; fb[0;1]; c[1;3]; d[2;3]gg. The prune
step will delete the itemset fb[0;1]; c[1;3]; d[2;3]g, because its subset fc[1;3]; d[2;3]g

1 Assume each contextual position has a transaction. We use this position as subscript
to name each transaction.

2 The extended items in an itemset are listed in an ascending order. Recall that
(i[nl; nu] < i0[n0

l
; n0u]) i� (i < i0) _ (i = i0 ^ precedence([nl; nu]; [n0

l; n0

u])).
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(i.e., fc[0;2]; d[1;2]g after normalization) is not in L2. We will then be left with
C3 = ffa[0;0]; b[0;1]; c[1;3]gg.

Counting candidates in Ck. After generating candidate k-itemsets, the
function E-Subset(Ck; r) (line 19) checks which k-itemsets in Ck are supported
by a new database record r. To do this, we extract all the item IDs of these item-
sets and store them in a hash tree similar to that in [2]. The contextual scopes
associated with corresponding item IDs are stored uniformly in leaf nodes only.
Starting from the root node, we �nd all the candidates contained in the record
r as follows. If we reach a leaf node, we �rst �nd those itemsets which have
their item IDs present in r, and then further check whether the occurrence po-
sitions of these item IDs are within the speci�ed contextual scopes indicated
by the extended itemsets. If so, we add the itemsets to Cr. Considering the
situation that one item ID may appear consecutively several times in one ex-
tended itemset (but with di�erent contextual scopes of precedence relations,
e.g., fa[0;0]; a[1;2]; b[1;1]; b[3;3]g), if we are at an interior node and have reached it
by hashing the i-th item in r, we hash on each item from the i-th item again

(rather than from the (i+1)-th item as Apriori does in [2]) and recursively apply
this procedure to the node in the corresponding bucket. The subset function re-
turns a set of k-itemsets, Cr � Ck, that are supported by r in the new database.
We increase all the counters of k-itemsets in Cr by 1 (line 20). By scanning the
transformed database DB0 once, we can obtain Lk (line 22).

4 Performance Study

We performed two sets of experiments with meteorological data obtained from
the Hong Kong Observatory headquarters, which takes meteorological observa-
tions, including wind direction, wind speed, dry bulb temperature, relative humid-

ity, rainfall and mean sea level pressure, etc., every 6 hours each day.
Our �rst test is to detect generalized inter-transactional association rules

from the 1996 meteorological data, and use the 1997 meteorological data from
the same area in Hong Kong to examine their predictive rate, measured by Pred-

Rate(X ) Y ) = sup(X [ Y )=sup(X), i.e., the ratio of minimal extended trans-
action sets containing X [ Y to those containing only X . The mining context
in this test is 1-dimension with time as its dimensional attribute. Considering
seasonal changes of weather, we extract records from the �rst day of May to the
last day of October, and there are therefore totally 736 records for each year.
These raw data sets, containing continuous atmospheric elements, are further
converted into appropriate formats with which the algorithm can work. 1) Wind

direction values measured in continuous degrees are discretized into 8 wind di-
rections - north-east, east, south-east, south, south-west, west, north-west and
north; 2) wind speed values are classi�ed as light, moderate, fresh, or strong ;
3) rainfall recorded in the unit of centimeter is discretized into no-rain, trace,

light, moderate, or heavy ; 4) relative humidity is characterized into very-dry,

dry, medium-wet or wet ; 5) temperature is represented by very-cold, cold, mild,
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warm or hot ; 6) mean sea level pressure values are discretized into very-low,

low, moderate, slightly-high, high, or very-high. After transformation, we obtain
32 kinds of items in total, and each database record contains 6 di�erent items.
The interval of every two consecutive records is 6 hours.

By setting maxscope as 3, 7 and 11, we can detect associated meteorological
relationships happening within one day ((3+1)/4=1), two days ((7+1)/4=2) and
three days ((11+1)/4=3). Some generalized inter-transactional association rule
examples found from the data set under minsup = 90% and minconf = 99%
are as follows.
- \If there is no rain within 6 hours and the weather is medium wet during the
following 24 hours, then there will be no rain for 2 days." (13[0;1]; 20[2;5] )

13[2;7]; Pred-Rate = 96% )
- \If it is warm within 2 days, then within 3 days there will be no rain."
(25[0;7] ) 13[0;11]; Pred-Rate = 76% )
- \If the wind speed continues to be moderate for 2 days, then there will be
no rain during the third day." (10[0;7] ) 13[7;11]; Pred-Rate = 83% )

We compare our generalized inter-transactional association mining with the
other two association mining, i.e., traditional intra-transactional association min-

ing [1, 2] and point-based inter-transactional association mining [5, 4]. Table 1
summarizes the mining results. Under minsup=60% and minconf=90%, we
found only 1 intra-transactional association rule and 4 point-based inter- trans-
actional association rules, but 113 generalized inter-transactional association
rules (which reduce to 27 under minconf=99%). This is expected as much
more candidate and large itemsets are generated when mining generalized inter-
transactional association mining. Note that such an increase from intra- trans-
actional to generalized inter-transactional association rules is much greater than
that from intra-transactional to point-based inter-transactional association rules,
due to the relaxation of contextual scopes in detecting association relation-
ships. Inevitably, mining generalized inter-transactional association rules de-
mands much more time in scanning the database and counting candidates than
mining the other two association rules, as illustrated in Figure 3.
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Fig. 3. Minimum support versus execution time
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Table 1. Mining Result Comparison (T6-N32-D736, maxscope=3)

minsup = 60%

#Candidate- #Large- minconf = 90% minconf = 99%
itemset itemset #Rule Avg-Pred-Rate #Rule Avg-Pred-Rate

Intra-Trans. AR 33 3 1 94% 0 -

Inter-Trans. AR 332 16 4 89% 0 -

Generalized 801 252 113 83% 27 92%
Inter-Trans. AR

minsup = 80%

Intra-Trans. AR 32 1 0 - 0 -

Inter-Trans. AR 323 5 1 89% 0 -

Generalized 379 52 27 84% 5 91%
Inter-Trans. AR

5 Conclusion

In this paper, we have generalized the problem of mining multidimensional inter-

transactional association rules based on context expansions. A more general and


exible form of association rules named generalized multidimensional inter-

transactional association rules is presented. We described an algorithm for

mining such extended association rules under 1-dimensional contexts by exten-

sion of Apriori. Empirical evaluation of the algorithm shows that with such

generalized association rules, we can detect more comprehensive and interesting

association relationships.
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ò ó ø � Ó Ð \ Q R Ó X \ Ñ Ô Ð R × × R : Ð \ Ñ Õ \ X \ ^ _ ä Î R Ù \ ^ Ó Z R V Ñ Þ Y ^ R Ø ä å æ Ü Õ Ñ Û R Ó × R V \ Î Ó V Ù Ó V S Ñ ^ Ñ ^ Ò
\ Ð Ð Ó Í Ñ \ Î Ñ Ó ^ V Ô Õ R Ð Þ ` ^ ü Þ Q Þ ` Ñ f \ Ï \ V \ S \ ^ X Y Õ R f \ ^ _ V Ó : Þ ¹ Ô Í Ö S \ ^ ^ X Z Þ Q Ó Ö \ ^ X \ ^ _
Ñ \ ^ _ Õ \ Õ æ Þ ä \ V _ \ X R _ Ñ Î Ó V Ð X < í ç ê é é è ï É Ã È ç Ý P P É è ß É î é í É ì î ï ç É ì ë D ç É Ý é í é É ê é ç É S é í U V ì í Ã é

ø ì î ì X ì È é È X × \ Ò R Ð - / / ¶ - � � X Q Ô S T \ Ñ X ` ^ _ Ñ \ X ä R × Î R S T R V � Ü ÷ - ô ô ÷ Þ

ò ÷ ø � Ó Ð \ Q R Ó X \ Ñ Ô Ð R × × R : Ð \ Ñ Õ \ X \ ^ _ ä Î R Ù \ ^ Ó Z R V Ñ Þ Y ^ R ã Î R ^ Ð Ñ Ó ^ Î Ó ä å æ Ù Ó V S Ñ ^ Ñ ^ Ò \ Ð Ð Ó Í Ñ Ü
\ Î Ñ Ó ^ V Ô Õ R Ð Þ ø ì î ì E ï É ï É Ã ì É è ] É ç f ë é è Ã é ø ï È ê ç ð é í U X / C / H � - ô ó ¶ / / 6 X - ô ô õ Þ

ò ö ø h \ V Î Ö Ñ Í Û � \ f \ S \ ^ Ñ X Y Õ \ ^ Z Ó ã X ¹ \ Õ \ ` Ï R V X \ ^ _ Y Î Ô Õ Z Ö \ _ Ö \ Þ a à Í Ñ R ^ Î S Ñ ^ Ñ ^ Ò Ù Ó V \ Ð Ü
Ð Ó Í Ñ \ Î Ñ Ó ^ V Ô Õ R Ð Ø Ñ Î Ö V R Õ \ Î Ñ Ó ^ \ Õ _ \ Î \ T \ Ð R Ð Ï Ð Î R S Ð Þ ` ^ < í ç ê é é è ï É Ã È ç Ý î = é ß É î é í É ì î ï ç É ì ë

ø ì î ì Þ ì È é ^ É Ã ï É é é í ï É Ã ì É è B æ æ ë ï ê ì î ï ç É È ä U à æ ç È ï å à X × \ Ò R Ð - 6 õ ¶ - ó ó X - ô ô ô Þ

ò õ ø ä Ô ^ Ñ Î \ ä \ V \ Ø \ Ò Ñ X ä Ö Ñ T Ï ü Ö Ó S \ Ð X \ ^ _ � \ Û R Ð Ö Y Ò V \ Ø \ Õ Þ ` ^ Î R Ò V \ Î Ñ ^ Ò S Ñ ^ Ñ ^ Ò Ø Ñ Î Ö V R Õ \ Ü
Î Ñ Ó ^ \ Õ _ \ Î \ T \ Ð R Ð Ï Ð Î R S Ð � Y Õ Î R V ^ \ Î Ñ Ú R Ð \ ^ _ Ñ S × Õ Ñ Í \ Î Ñ Ó ^ Ð Þ ` ^ æ \ Ô V \ Q Þ é \ \ Ð \ ^ _ Y Ð Ö Ô Î Ó Ð Ö
ü Ñ Ø \ V Ï X R _ Ñ Î Ó V Ð X < í ç ê é é è ï É Ã È ç Ý î = é B D E ä ß G E J ø ß É î é í É ì î ï ç É ì ë D ç É Ý é í é É ê é ç É E ì É y

ì Ã é à é É î ç Ý ø ì î ì X × \ Ò R Ð � 6 � ¶ � ó 6 X ä R \ Î Î Õ R X á \ Ð Ö Ñ ^ Ò Î Ó ^ X ; Ô ^ R / Ü 6 - ô ô õ Þ

ò ô ø ä Ö Ñ T Ï ü Ö Ó S \ Ð \ ^ _ ä Ô ^ Ñ Î \ ä \ V \ Ø \ Ò Ñ Þ Q Ñ ^ Ñ ^ Ò Ò R ^ R V \ Õ Ñ J R _ \ Ð Ð Ó Í Ñ \ Î Ñ Ó ^ V Ô Õ R Ð \ ^ _ Ð R ú Ô R ^ Î Ñ \ Õ
× \ Î Î R V ^ Ð Ô Ð Ñ ^ Ò ä å æ ú Ô R V Ñ R Ð Þ ` ^ < í ç ê é é è ï É Ã È ç Ý î = é È ï ú î = B D E ä ß G ] ø ø ï É î é í É ì î ï ç É ì ë

ê ç É Ý é í é É ê é ç É x É ç f ë é è Ã é è ï È ê ç ð é í U ì É è è ì î ì à ï É ï É Ã X × \ Ò R Ð � 6 6 ¶ � 6 õ X Ñ R Ø Z Ó V Û X Ñ Z X
Y Ô Ò Ô Ð Î - ô ô õ Þ

ò - Ò ø Q Ó Ö \ S S R _ ; \ Ú R R _ O \ Û Ñ Þ \ R ^ R V \ Î Ñ ^ Ò ^ Ó ^ Ü V R _ Ô ^ _ \ ^ Î \ Ð Ð Ó Í Ñ \ Î Ñ Ó ^ V Ô Õ R Ð Þ ` ^ < í ç ê é é è ï É Ã È
ç Ý î = é È ï ú î = B D E ä ß G ] ø ø ï É î é í É ì î ï ç É ì ë ê ç É Ý é í é É ê é ç É x É ç f ë é è Ã é è ï È ê ç ð é í U ì É è è ì î ì

à ï É ï É Ã X × \ Ò R Ð � 6 ¶ 6 � X ¹ Ó Ð Î Ó ^ X Q Y z ä Y X Y Ô Ò Ô Ð Î / Ò Ò Ò Þ Y Z Q : V R Ð Ð Þ
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Abstract. In the last years the datasets available have grown tremen-
dously, and the development of efficient and scalable data mining al-
gorithms has become a major research challenge. However, since the
data is more dynamic than static there is also a strong need to update
previously discovered rules and patterns. Recently, a couple of studies
have emerged dealing with the topic of incremental update of discovered
knowledge. These studies mostly concentrate on the question whether
new rules emerge or old ones become extinct.
We present a framework that enables the analyst to monitor the changes
a rule may undergo when the dataset the rules were discovered from is
updated, and to observe emerging trends as data change. We propose
a generic rule model that distinguishes between different types of pat-
tern changes, and provide formal definitions for these. We present our
approach in a case study on the evolution of web usage patterns. These
patterns have been stored in a database and are used to observe the
mining sessions as snapshots across the time series of a patterns lifetime.

1 Introduction

While there are many sophisticated techniques for the discovery of knowledge
in a large range of domains, methods for knowledge maintenance and updating
are emerging at a slower pace. In recent years a considerable number of studies
aiming on the update of previously discovered knowledge have emerged. Most of
those works focus on the refreshment of the mining results when the underlying
dataset is updated. They investigate methods that actualize the mining results
on the basis of the data update only, i.e., without scanning the whole dataset
again. More recent works also consider the lifetime of a rule, i.e., the time interval
in which it is sufficiently supported by the data.

In this study, we propose a framework for updating mining results and observ-
ing their evolution, thus effectively combining both research trends in a general
framework. Our work is motivated by the need for sustainable knowledge: be-
yond updating knowledge, we need a mechanism monitoring its evolution. For
example, consider an association rule “Product A ⇒ Product B” appearing in
multiple consecutive mining sessions. A decrease in the confidence of this rule
would imply that the two products are less strongly correlated than before. To
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observe this decrease, we propose the modeling of rules as temporal objects and
of their statistics as time series of snapshots corresponding to the mining ses-
sions. Our work differs from other approaches in this domain in a number of
aspects. First, rather than only investigating techniques to discover rules that
have newly emerged or become extinct after an update, we focus on the changes
a specific rule may undergo through several updates to the dataset. We model
rules as temporal objects, on which techniques for time series analysis can be
applied to discover trends and trend similarities. Second, we propose a generic
rule model appropriate for more than one rule type. Third, we consider two as-
pects of rule evolution, namely changes in the statistics of a rule, as in the above
example, and changes in the content of a rule. Based on these types of change,
we give formal definitions of possible types of pattern evolution.

The article is organized as follows. In the next section, we give an overview
of related work. In Sec. 3, we present our framework, in which rules are modeled
as temporal objects. We then distinguish between different types of pattern
evolution. In Sec. 4, we demonstrate the advantages of our framework in a case
study on monitoring user navigation patterns. Sec. 5 summarizes the study and
gives a brief outlook on future work.

2 Related Work

The earliest incremental mining algorithms have been designed for the refresh-
ment of association rules. This mining paradigm is still the focus of the majority
of contributions in this domain. The aim is to avoid a complete re-run of the
mining algorithm on the whole dataset when new data is added. The most no-
table works in this area are by Cheung et al. [6, 5]. They deal with the problem
of maintaining discovered rules after updates on the original database. An algo-
rithm FUP2 is proposed which uses information from previous mining sessions
to maintain rules after insertions and deletions in the original dataset. The basic
idea is that an itemset X may only remain large after an update to the original
database, if it is large in both the original database and in the update. Ayan et
al. propose an algorithm UWEP which also deals with the incremental update
of association rules [1]. Similar to FUP2 algorithm the aim is the efficiency in
performing the update. The main performance advantage of UWEP is achieved
by pruning away the supersets of a large itemset in DB as soon as they are
known to be small in the updated database DB + δ. This methodology yields
a much smaller candidate set especially when the set of new transactions does
not contain some of the old large itemsets. In [11], an incremental version of
the well known Partition algorithm for association rules discovery is proposed.
Basically, DB is used as one partition, and δ is used as another partition. Then,
a slight variation of the original algorithm is used to update the patterns. In this
study, efficiency is achieved by minimizing the number of scans over DB and δ.
Thomas et al. propose an algorithm which reuses not only the large itemsets from
previous mining sessions but also their negative borders, the candidate itemsets
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which did not have enough support to become large [14]. A similar approach was
developed independently by Feldman et al. at about the same time [8].

There have also been studies based on other mining paradigms. Comparable
work which emphasizes on dynamic sequential data has been done by Wang et al.
[15]. They present a time independent algorithm for the incremental discovery of
patterns in large and dynamic sequential data which takes advantage of already
discovered patterns and computes the change by accessing only the affected part
of the dataset. Ester et al. propose a similar approach for clustering in a data
warehouse environment [7]. They present an incremental clustering algorithm,
based on DBSCAN, that examines which part of an existing clustering is affected
by an update of the database and adjusts the clusters accordingly. For a detailed
description of these studies see the general overview of pattern evolution in [2].

Another part of related work focuses more on the similarity between rules
and on the temporal aspects of rules. Ganti et al. compute a deviation mea-
sure which makes it possible to quantify the difference between two datasets in
terms of the model they induce, called FOCUS [9]. A new notion of surprising
temporal patterns and algorithms to compute these is proposed by Chakrabarti
et al. [3]. They argue that once the analyst is already familiar with prevalent
patterns in the data, the greatest incremental benefit is likely to be from changes
in the relationship between item frequencies over time. [4] concentrate on the
identification of interesting temporal features like valid period or periodicity of
association rules. The first two approaches take similarity of rules and changes
a rule may undergo into account, the latter approach temporal properties of a
rule. But these two aspects of a rule belong together, and should not be con-
sidered separately. Therefore, we model both aspects as a time series of changes
a rule is subjected to in time. In a recent work Ganti et al. introduce a new
dimension which takes the temporal aspect of the collected data into account,
called data span dimension [10]. Here, the analyst can specify an arbitrary time
window from which the data is taken for the analysis. Also they describe new
model maintenance algorithms with respect to the selection constraints on the
data span dimension for frequent itemsets and clustering.

The main difference to our contribution is that they consider a certain time
span, but only at a fixed point in time. The analyst can choose to mine all the
data available so far, or a block of data that is more suited for the purpose of
the analysis. But the analysis itself is limited to that fixed time point treating
the analyzed data as a whole, possibly overseeing interesting changes of a rule
at the end of the specified time window, for example.

3 A Framework for Monitoring Pattern Evolution

As mentioned above there are two different types of rule change. First, the
statistics of a rule may change. For example, an association rule X ⇒ Y may
hold with less confidence after adding the increment database δ because a smaller
percentage of transactions in the updated database DB+ δ that contain X also
contain Y . Second, the content of a rule may change. For example, after updating
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the database an association rule may become less restrictive by having more
items in the consequent than before, or a user navigation pattern may follow a
different path, though leading from the same start page to the same end page.

3.1 A Generic Rule Model

We model in a rule both its content and its statistics and, along with the time-
stamp of the mining session which has produced it and a key which uniquely
identifies the rule across consecutive mining sessions. Then, a rule is a temporal
object with the following signature:

R = (ID, query, timestamp, stats, body, head)

Here, ID is the unique identifier of rule R which is built from body and head
of that rule, query is the mining query which has produced it at the given
timestamp, and body and head describe the antecedent and the consequent of
R, respectively. For the statistics of a rule, denoted by stats, we need a special
treatment because some values refer to the entire rule, whereas other values only
refer to a specific item. For example, in a rule X ⇒ Y the support of the single
item X or Y may also be of interest. In order to overcome this problem, we
model the statistics concerning a single item with the item as part of the body
or head of a rule directly in the rules content, and denote only statistics which
refer to the rule as a whole by stats.

Example. In the simplest case of association rule discovery, a query Q spe-
cifies a lower boundary on the permitted support and an upper boundary on
the rule length. We observe a mining session as the run of a mining query over
the dataset, producing a quite large set of rules in the general case. Using the
above notation, an association rule A ⇒ B with support s = 10% and confi-
dence c = 60% produced by query Q at time stamp t0 would be modeled as
R0 = (IDAB, Q, t0, [s = 10%, c = 60%], A,B) where IDAB denotes an identi-
fier that accompanies the rule across all mining sessions and makes it uniquely
identifiable, as long as body and head of the rule does not change. 2

3.2 Different Types of Patterns

A rule base does not consist solely of association rules. A sequence miner outputs
frequent sequences, while a clustering algorithm computes clusters of similar
items. When modeling a rule base, these types of rules should also be taken into
account.

Without loss of generality, for frequent sequences we define the whole se-
quence but the last item to be the body of the rule, and the last item to be the
head of the rule. Then, a frequent sequence ABCDE is modeled as ABCD ⇒ E.
The statistics for each item are directly stored in the item, i.e., in the body or
head of the rule. The same yields for more complex sequences like web usage
patterns. As a first step, the start page and the end page of a navigation can
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be modeled as an association rule of the form startpage ⇒ endpage. However,
since this leads to an information loss, the actual navigation pattern is decom-
posed into paths which can be treated just as sequences. For example, consider
a frequent navigation pattern starting in page S.html and ending in E.html

which consists of two paths. On the first path, users accessed two pages T1.html
and T2.html on their way from S.html to E.html, on the second path, they
visited one and the same page T3.html. This navigation pattern is modeled as
two sequential patterns S, T1, T2 ⇒ E and S, T3 ⇒ E.

For clusters we use a similar approach: each cluster is identified by its cen-
troid and is decomposed into its constituent items by giving the value of each
item, along with the centroid of the cluster it belongs to and the distance to
the centroid. The advantage of this approach is that it also works for a den-
sity based clustering. Then, a cluster is a set of association rules of the form
item, centroid, distance ⇒ cluster. However, as with complex navigation pat-
terns, rather than a single item the body and head of a rule would be a set
of items. Therefore, we extend the generic rule model to subsume also more
complex types of patterns:

R = (ID, query, timestamp, stats[ ], body[ ], head[ ])

Then, a simple association rule with a single item in the antecedent and a single
item in the consequent is just modeled as body[0] ⇒ head[0].

3.3 Monitoring Pattern Change

As described in Sec. 1, we consider two types of changes that may affect a
pattern: changes to its statistics and changes to its content. Regarding changes
to the statistics of a rule, we give the following definition for the evolution of a
rule:

Definition 1 As evolution of a rule we denote changes to its statistical mea-
surements in time.

When monitoring a rules statistics we need to identify the rule non-ambiguously
through several mining sessions. For this purpose, a unique key is derived from
body and head of the rule. Hence, if the content of the rule changes from one
mining session to another, the identifier also changes, and we say the rule has
died:

Definition 2 Changes to the contents of a rule and changes to the statistics of
a rule that violate given thresholds lead to its death.

However, this approach may be considered too restrictive since it circumvents
monitoring of changes to the contents of a rule. When monitoring content changes
the above definitions are not sufficient:

Definition 3 As mutation of a rule we denote changes to the contents of a rule
provided that given thresholds are not violated.
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However, a global identifier is still needed. For example, consider an association
rule AB ⇒ CD which is generated from the initial dataset. After an update we
apply some incremental mining algorithm, and obtain the rule AB ⇒ CE. Here,
the question arises whether there has emerged a new rule or if the old rule has
mutated. Only if each rule is uniquely identifiable, we can answer this question.
To derive the identifier, the analyst could decide to use only the rules body, with
the effect that one identifier may represent more than one rule, i.e., all rules with
the same body. The question of how such an identifier can be produced is the
subject of future work.

Now we consider the case of a rules death. When it dies, it is still important
to know why it disappeared. In general, the analyst specifies minimum thresh-
olds for support and confidence to observe patterns from data. Then, all rules
that satisfy the given thresholds are found. After an update, it is possible for
a rule to vanish if it does not fit the requirements defined by the analyst. For
monitoring these rules three different approaches are reasonable. First, exactly
those threshold values given by the analyst are used to discover rules. This would
imply that the analyst needs to adjust the threshold values and re-run the min-
ing algorithm to locate those rules that have vanished. Second, internally lower
values for support and confidence as those given by the analyst are used to
discover additional rules. These rules are then used to locate rules that disap-
peared through an incremental mining run, as opposed to external rules that
are presented to the analyst. Finally, the extreme is not to restrict support and
confidence, and produce all possible rules from the dataset. However, again only
those rules are presented to the analyst that fulfill the given requirements. On
the other hand, it is also valuable to monitor emerging rules. Then, a complete
time series for the entire lifespan of a pattern can be derived.

4 Case Study

In order to prove our concepts we investigated the evolution of frequent se-
quences as produced by the Web Usage Miner (WUM), a tool for analyzing the
behavior of a web sites visitors developed at Humboldt-University Berlin [12].
Using WUM, the analyst can specify a template expressed in the MINT query
language which describes the navigation patterns he is interested in [13]. More-
over, the number of discovered patterns can be limited by giving constraints on
support and confidence for the pages visitors accessed throughout their naviga-
tion.1 The results WUM produces are generalized sequences (g-sequences) which
are instances of the template given by the analyst, where each g-sequence consists
of a non-empty set of navigation patterns [12].

The dataset used for the case study is a common access log file as produced
by a web server spanning seven months. From the data three equally spaced
samples were drawn, each representing a single month. All page names in the
log file were mapped to a concept hierarchy, where each concept represents pages

1 For a complete example see http://wum.wiwi.hu-berlin.de.
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with a particular subject on the web server. Then, rather than navigation pat-
terns between single pages navigation patterns within these concepts have been
analyzed. For the analysis we used the first and the last approach as described
in Sec. 3.3.

4.1 The Constraint-Based Approach

In the first mining run the following MINT query was issued which generated all
navigation patterns up to length 5 where the start page has an absolute support
of more than 100 visitors and the end page a minimum support of more than
50 visitors within the same navigation pattern, and more than 20% of the users
started in page x should also visit page y.

SELECT t

FROM NODE AS x y,

TEMPLATE x [0;5] y AS t

WHERE x.support > 100

AND y.support > 50

AND ( y.support / x.support ) > 0.2

The results comprise a number of g-sequences that match the given template.
A sample of results is shown in Fig. 1. Each g-sequence consists of a pattern
identifier which accompanies the pattern uniquely within the mining session, an
antecedent (the start page of a navigation) and a consequent (the end page of a
navigation). Antecedent and consequent consists of the page identifier, the page
name (the concept name in our example), the occurrence (how often this page
was accessed), and the absolute number of visitors accessed this page within their
navigation. A g-sequence is uniquely identified across all mining sessions by its
antecedent and consequent, i.e., the concept name along with its occurrence.

The results of the mining run were imported into a relational DBMS accord-
ing to our generic rule model. Fig. 2 shows the sample of g-sequences depicted in
Fig. 1 as stored in the database. For simplicity, the results were not normalized
before importing them in the DBMS. Instead, all attributes of a pattern were
stored in one single relation, i.e., in one separate relation for the results from
each month, where the key of the relation consists of four attributes, ant page,
ant occ, con page and con occ. The values for the confidence attribute were
computed during the import.

PatternID=1: [3000016;I143;2;132], [3000016;I143;3;93]

PatternID=2: [3000006;I111;1;738], [3000013;I114;1;153]

PatternID=3: [3000002;I13;1;274], [3000004;I135;1;69]

PatternID=4: [3000008;I11;1;320], [3000006;I111;1;143]

PatternID=5: [3000013;I114;1;407], [3000013;I114;2;172]

Fig. 1. Sample of g-sequences as produced by WUM.
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ant page ant occ con page con occ ant supp con supp conf

I143 2 I143 3 132 93 0.7045

I111 1 I114 1 738 153 0.2073

I13 1 I135 1 274 69 0.2518

I11 1 I111 1 320 143 0.4469

I114 1 I114 2 407 172 0.4226

Fig. 2. Sample of g-sequences as stored in the DBMS.

In order to identify patterns that have emerged or disappeared through the
different mining sessions, several SQL queries were issued. We found 8 patterns
that disappeared and 3 patterns that emerged of a total of 27 patterns during the
second mining session. Through mining the third dataset 5 patterns disappeared
and 3 patterns emerged. After that, we investigated the statistics of those pat-
terns. Fig. 3 is a time series of the statistics of a sample pattern which was drawn
over the different mining sessions. The first diagram shows a rising support of
the antecedent of the pattern. However, since the support of the consequent does
not rise equally we encounter a loss of confidence for that pattern.

Summarizing our results, it turned out that the differences which led to
changes in the result sets were very small. Therefore, we continued to analyze
the changes that might be interesting using the third approach mentioned in
Sec. 3.3.

4.2 The Unlimited Approach

This approach is mainly based on the idea by Chakrabarti et al. mentioned in
Sec. 2 [3]. We extend this idea by introducing a difference parameter for each
statistical measurement which can be used to identify interesting changes. How-
ever, since also strong changes of patterns that do not have minimum support
and confidence might be interesting, we applied this parameter on each pattern
discovered from the dataset.

We implemented a simple monitor which takes the discovered patterns and
the difference parameters as inputs and outputs all those patterns also showing

month
1 2 3

month
1 2 3

month

ant_supp

1 2 3

126

132

145

con_supp

63
61
57

conf

0.43
0.42

0.50

Fig. 3. A time series of a rules statistics.
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the specified strength in their change. For this purpose, all patterns have been
generated from the datasets. After importing them into the DBMS a series of
SQL statements produces a set of patterns that meet the requirements given by
the analyst. For example, if a rise of 20% in the support of the antecedent is
considered interesting, the following SQL query would generate these patterns:

SELECT n.ant_page, n.ant_occ, n.con_page, n.con_occ,

(n.ant_supp / (f.ant_supp - n.ant_supp)) AS delta

FROM november n, february f

WHERE n.ant_page = f.ant_page

AND n.ant_occ = f.ant_occ

AND n.con_page = f.con_page

AND n.con_occ = f.con_occ

AND abs(n.ant_supp / (f.ant_supp - n.ant_supp)) > 0.2

We computed a large set of patterns that showed interesting changes. However,
it turned out that this approach only led to useful results if lower boundaries for
support and confidence were also given. Moreover, there is a big overhead when
generating all patterns from the datasets.

5 Conclusions and Future Work

In this work we have developed a framework which allows the management and
the maintenance of mining results. We model the rules output by consecutive
mining sessions as temporal objects, which may change in terms of statistics
and in terms of contents. To monitor statistical changes of a rule, we treat
rule statistics as time series, on which prediction and similarity searches can be
performed using conventional techniques of time series analysis. Changes in a
rules contents are harder to monitor. We are confronted with the fundamental
question of whether a change in the contents of a rule should be observed as
a mutation of the rule or as a new rule that has replaced the old one. As far
as not given directly by the data, our framework delegates this decision to the
analyst who can explicitly define which changes to a rule contents should be
observed as rule “mutations”, thus effectively supplying a unique identifier for
rules across the mining sessions. In a case study we have shown the applicability
of the proposed framework. Moreover, we have implemented a monitor which
can observe interesting changes in these patterns.

The proposed work is only a first step in the direction of supporting the
maintenance and monitoring of non-crisp knowledge that evolves across mining
sessions. It should be extended in several ways. Firstly, we intend to combine our
framework with a time series analysis tool and establish a complete environment
for the monitoring of the statistic evolution of rules. Secondly, we will extend
our approach to investigate also changes of a rules contents, especially when a
global key is missing. In the case study we have also discovered patterns that
disappeared from one mining session to another and re-appeared in the following
mining session. To identify those rules without a global identifier is also challeng-
ing. Finally, the incorporation of a theorem prover that assesses new rules from
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the non-crisp mining results seems an indispensable component of a full-fledged
knowledge base.
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Abstract: In many application areas there are large historical data containing 
useful knowledge for decision support. However, this data taken in its raw form is 
usually of a poor quality. Thus it has very little value for the user-decision-maker 
if not adequately prepared. The Knowledge Discovery in Databases (KDD) is 
concerned with exploiting massive data sets in supporting use of historical data for 
decision-making.  This paper describes an ongoing research project in the context 
of meteorological aviation forecasting, concerned with fog forecasting. The paper 
discusses the stages for performing knowledge discovery in the meteorological 
aviation-forecasting domain. The data used for research was taken from a real data 
set describing the aviation weather observations. The paper presents the data pre-
processing stage, the discovered rules, achieved results and further directions of 
such research. We believe that this project can serve as a model for in a wider 
KDD-based decision support problem.

1
 

1 - Introduction 

Information about past decisions and their outcomes can help decision-makers identify 
potential successes and failures. The Knowledge Discovery in Databases (KDD) is 
concerned with supporting decision-making involving, normally massive, data sets. It is 
a multistage process that can be used to find useful knowledge in the form of patterns 
from the data describing past experience. The paper discusses the knowledge discovery 
stages, including data collection and analysis, feature selection, data cleaning and 
transformation. The paper also discusses the generated data models for data mining 
purposes and the used data mining algorithm. This project is being implemented in the 
context of aviation weather forecasting, specifically, fog phenomenon.  

The production of meteorological forecasts begins with collection of weather 
observations, which describe the state of the atmosphere, e.g., amount of rainfall, 
information on the ground about air and wind-related measures, such as direction and 
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speed, temperature, wet-bulb and dew point temperature and sea-level pressure. Data 
available for predicting weather phenomena is usually highly diverse, high in volume 
and comes from different sources (Buchner at al 1998). This volume of data must be 
sorted and arranged into a comprehensible form before it is useful for predicting future 
weather patterns. Consequently, there is an overload of available data that makes KDD 
potentially useful. On the other hand, weather observations are collected and stored 
without necessary care for KDD purposes, lack of consistency and quality problems are 
common in such situations. It makes extensive pre-processing necessary. 

Section 2 present the problem domain of the aviation weather forecasting, specifically 
in the area of Melbourne Tullemarine Airport; section 3 describes the data pre-
processing stage; section 4 discusses the data-mining stage, presents the data-mining 
algorithm and data models. Sections 5 and 6 present some achieved results and the final 
conclusions. 

2 – The aviation weather forecasting domain 

The aviation weather forecasting is concerned with three main phenomena: 
thunderstorm activity, low cloud and fog. This research project is particularly focused on 
forecasting fog. Fog can be defined by visibility less than 1000 meters; and visibility 
between [1000 , 2000] meters (Auer, 1992). 

Two different types of weather forecasts are made for Melbourne Airport. Terminal 
Aerodrome Forecasts (TAF) is issued every 6 hours for a forecasting period of 24 hours, 
containing data for: time, location and weather conditions. Every half an hour staff at the 
airport issue a Trend Type Forecast (TTF) appended to an observation of current 
weather. At Melbourne Airport the vast majority of poor weather conditions involve low 
cloud and fog, radar is of value for only a relatively small percentage of sub-minimum 
conditions. And the low cloud and fog does not only cover the airport but forms at a 
broader area, so the satellite pictures do not help to solve the problem. Access to the past 
situations and knowledge derived from them through KDD application can provide 
valuable source of improvement in forecasting rare events.  

The data set for this study was generated from ADAM (Australian Data Archive for 
Meteorology) data repository. The data set, with weather observations from July 1970 
until June 2000, has 49,901 data records and 17 attributes. These are the observations 
used when issuing an aviation meteorological prognosis bulletin. The data represents 
weather observations, for example, a particular day when fog was registered (Table 1). 

Table 1. A reported observation of fog. 

Case: Weather observations when Fog was observed on morning, February. 

Wind speed 4.1 m/s  

Dryer moderate to fresh westerly winds during the day before. 

Dew Point dropping from 15 C in the morning to 5 C degrees – one day before 

Easterly wind in the evening 

Low cloud in the morning  = 1 h. 

Dew point temperature = 10C 

Sea level pressure = 1022.0 

2.1 Understanding the data 

To select an appropriate data model concerning the problem at hand all the collected data 
must be well understood. The collected data was discussed and analyzed with domain 
experts. This section discusses the main characteristics about data interpretation. 

Seasonal factor: attributes Month, Year, Day and Hour are date stamps and 
monotonic variables. The seasonal factor should be modeled monthly. The year and day 
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attributes are not necessary for mining purposes, however they must be kept in the 
dataset, as they are necessary to calculate the previous afternoon dew point attribute, 
which is a new calculated field. 

Fog identified attributes. There are two attributes that identify a particular occurrence 
of fog, “Fog Type” and “Fog Occurrence”. When "Fog Type" has no value it means NO 
FOG event at that time. "Fog Occurrence" represents whether it is Fog Day (FD) or 
Local Fog Day (LFD); or is not a fog day at all. The distinction between local fog and 
fog day does not matter in terms of aviation weather forecasting. Therefore, the attribute 
“Fog Occurrence” is not necessary for the purposes of this study, as we focus on fog 
phenomenon occurrence in general. 

“Hour” attribute. refers to a 3 hours period observation. The weather observations 
are recorded at a granularity of three hours. This granularity must be considered when 
making a prognostic, because the forecast prognosis issued in this project is based in 3 
hours period observations.  

Temperatures: The dew point and dry bulb are the local temperatures at the airport, 
taken when the event is observed.  

Wind: The information about wind includes direction and speed. Both are taken at the 
surface at the airport, around 200 feet altitude. The wind direction attribute is expressed 
in degrees of compass points, from 0 ������� ���	
�����
���
��	������
�
���	
� 

All other information such as the amount of clouds, sea level pressure, rainfall and 
visibility is taken locally at the airport. Among them, visibility is highly important 
because the problem with dense fog is that it causes a lack of visibility.  

3 - The data preprocessing stage 

The importance of the preprocessing stage in the KDD process should not be 
underestimated. If the quality of the data is low or the problem is incorrectly formalized, 
the algorithms used for data mining will behave inefficiently or even produce incorrect 
results. As already mentioned, meteorological data is usually taken and stored without 
necessary care for KDD purposes. It makes extensive pre-processing necessary for 
achieving high overall results. There are many characteristics inherent to the data, such 
as sparsity, monotonicity, dimensionality, outliers, anachronisms and variables with 
empty or missing values, which present problems when preparing data for modeling 
(Pyle, 1999).  

The first database used in this project had 75 attributes, some of them related with 
data quality control and codes describing observations. For example, the dew point 
observation had two associated attributes, one named DWPT and other named 
DWPT_QUAL, this last attributes indicates a data quality control information, which was 
not relevant for our data mining purposes. Many other observations, like wind speed, 
wind direction and visibility fall in the same category. In the first database, fog 
phenomenon was described through a Boolean type attribute (FOG_OCC) together with 
visibility attribute represented by codes. This leads to the following situation when 
identifying fog phenomenon: 

• If Visibility is one of (12, 28, 42-49, 11, 40-41) then FOG_OCC = yes, 
otherwise FOG_OCC = no.  

The following descriptions were obtained from data mining sessions 

FOG = TYPE 40  96.1 % of the examples 
Fog at a distance but no fog at the station during the past 
hour, visibility greater than 1000m. 

FOG = TYPE 12 2.0 % of the examples 
Shallow Fog (below 2m), generally continuous 
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Instead of fog phenomenon identification, it identified fog types. Clearly, this was not 
the desirable situation. Our first experiments showed that the problem of fog forecasting 
would not be properly addressed without an intensive data preprocessing. The following 
section describes some data preprocessing for this study.  

3.1 – Feature selection and feature construction 

The features in the data set were mostly selected by the forecasters. However, some 
general analysis was still performed. The Year and Day attributes were not necessary for 
mining purposes. The attribute Fog Occurrence was removed, the project focuses on fog 
phenomenon occurrence regardless of its classification. 

A derived attribute previous afternoon dew point was calculated based in the date, 
hour and the dew point and inserted in the data table. The forecasters recommended this 
information as very important for fog prognosis. For that reason date attribute were not 
removed from the database despite of not being used in any data mining session. A new 
attribute was inserted, ID auto number type. It is an identification attribute, which is 
necessary when importing the table into the data mining software. 

3.2 – Missing and empty values 

Handling missing and empty values is one of the most common problems in data 
preparation for data mining (Catlett, 1991; Pyle, 1999). Determining if any particular 
variable is empty rather than missing requires domain knowledge and is extremely 
difficult to be automatically detected. Missing and empty values can be removed or 
replaced. Other common problem of data analysis is related to low information density 
of a certain variable (sparsity). Normally, sparse variables have insignificant values and 
can be removed. However, there are cases when sparse values hold significant 
information. To remove or not a sparse variable is an arbitrary decision based on 
confidence levels (Pyle, 1999). Table 2 shows the amount of null values, which could be 
empty or missing, for each attribute in the dataset. Rainfall attribute shows a significant 
amount of null instances, 30.42 %. This percentage of null values could be enough to 
discard the attribute for data mining purposes; however, according to the experts the 
Rainfall is highly significant attribute and needs to be kept.  

Table 2. Analyses of null values 

Attributes Amount of nulls values 
Dry-bulb temperature  16 nulls 
Dew point temperature  31 nulls 
Previous dew point  572 nulls  
Total cloud amount  25 nulls 
Total low cloud amount  314 nulls 
Mean sea level pressure  25 nulls 
Past weather  93 nulls 
Rainfall  15180 nulls 
Present weather  81 nulls 
Visibility  14 nulls 
Wind direction  104 nulls 
Wind speed  29 nulls 

 
The attribute Previous dew point temperature also shows a significant amount of nulls 

instances, 11.46 %. However, doing a specific analysis with just fog cases, the attribute 
shows a smaller frequency of null values.  

During the first analysis Fog Type attribute showed a high amount of null values, 
98.07 %. Here a null value means neither missing, nor empty, but indicates that a 
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particular weather observation is not a fog phenomenon. The Fog Type attribute was 
transformed to properly represent this information (see section 3.4 for description of data 
transformation).  

Analyses of sparse attributes were individually made for each class, fog cases and not 
fog cases. The attributes without null values in the class were not considered in this 
analysis. Except of the Rainfall attribute, the others did not have significant amount of 
null values to be considered sparse; the “Total cloud amount” and “Total low cloud 
amount” have 1.27 % and 2.23 % of null values respectively, which is not significant 
enough to these attributes be considered sparse. The analysis of the not fog class has 
been done in a similar way; it resulted in just the Rainfall attribute classified as sparse. 

3.3 – Variability 

Another important issue to consider is the data distribution, or variability. The possible 
patterns enfolded in a variable in some particular way are fundamental to discover the 
relationships among variables. Analysing the variability in the data set is important in 
order to verify the occurrence of constants, outliers and monotonic variables. The 
standard deviation was used to calculate the variability of numeric variables using SPSS 
Package.  

The Rainfall attribute shows two problematic behaviors for data mining: sparsity and 
lack of variability. It has 198 nulls; representing 21.11 % of the total fog class instances 
and has 14.982 nulls; representing 30.60 % of the total not fog class instances. Figure 1 
shows the Rainfall attribute frequency distribution for fog class:  

Common approaches to handle this situation recommend removing the attribute, 
removing just the rows with null values, replacing the null values or transforming the 
attribute. According to domain expert, the null values in Rainfall attribute are considered 
zero values, for forecasting purposes. Also according to factual domain knowledge, a fog 
event is unlikely to happen during rainfall. However, transforming all the null values 
into zero values leads to the problem of lack of variability, as, the null values will 
represent 812 instances out of 938 (86,57 %). In this particular case the Rainfall attribute 
could be considered a zero value constant. Section. 3.4 describes the approach used to 
handle this problem. 

Another problem that was noted is the fog observations with high visibility values, 
near and over 30 kilometers. The visibility variable in that case acts as an outlier 
variable. (see Figure 2). 
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Fig. 1. Rainfall histogram for fog class Fig. 2. Visibility histogram for fog class 
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The visibility axis of the histogram shows the cluster with higher values at the right 
handside. Values over 30 kilometers can be observed, while small values are expected. 
Fog is mainly characterized by low visibility (<1000 meters). The occurrence of fog with 
visibilities around 30 kilometers is an impossible situation. According to the domain 
experts those particular cases refer to fog patches, i.e. there are some patches of fog in 
the area, however the overall visibility is mostly fine. Therefore, the high visibility 
values were kept in the data set without further modifications. 

Other problem was with the Wind Direction attribute, which is specified relative to 
the true geographic north, and it is the direction from which the wind is blowing. The 
Wind Direction is numerically represented in the BOM source data set in degrees of 
compass points.  The Wind Direction has a high frequency of zero values and its 
neighborhood and a high frequency of 360 degrees. The problem here is that zero values 
and 360 values represent the same compass direction. However, zero value does not 
always mean the same as a 360-value degree. Next section describes how this problem 
was handled. 

3.4 – Data transformation 

Several data transformations were performed with Bureau original data set. For example, 
Fog Type attribute has 3 possible values assigned: “F” when it refers to a fog event, 
“LF” when is “Local Fog” and null when the event is not fog; see section 2 for detailed 
discussion. This study is concerned with occurrence of fog phenomenon regardless of 
whether it is a local fog or not. For this reason all the Fog Type instances with “LF” 
value were transformed in “F” value, meaning a fog case. All the instances of Fog Type 
with null value were assigned “NF” values, meaning not fog case. 

The attributes PastWeather and PresentWeather were transformed from numeric type 
to non-numeric type, text size 4. These attributes are qualitative (categorical) attributes; 
they indicate weather codes. 

Some transformations of Rainfall attribute were needed. Rainfall is measured for the 3 
hours period ending at the nominated time. The rainfall volume is initially measured in 
millimeters and presented to the forecasters; who express their evaluation in codes 
expressing ranges of millimeters. This procedure makes sense according to the nature of 
the forecasting task, as it is almost impossible to differentiate precise measurements of 
rainfall, like 0.3 millimeters and 0.2 millimeters. The numerical values were transformed 
into categorical codes, which express ranges of rainfall. The instances of null rainfall 
will be classified into code 0, no rain. To implement this transformation a new attribute 
was inserted, Rainfall_Range text attribute of size 4. A procedure was implemented to 
calculate the Rainfall_Range attribute corresponding to Rainfall attribute values. 

The third problem regarding data modeling is the Wind Direction. It is a measure 
taken by instruments and it is numerically represented in degrees. However, the 
forecasters do not use detailed numerical measurements when reporting a forecast 
bulletin but a categorical representation. A categorical description of compass point is 
used instead, being N for North, S for South and so on. The wind direction 
representation used in this research project is 16 compass points, also called VRB, used 
by the Bureau. For example, lets consider the compass point 22,1 degrees. Practically, in 
that case the forecasters assume the compass point NNE, which is the point 22.5 degree. 
In that case the wind direction is said to be NNE instead of 22.1, as for forecasting 
purposes the distinction among 22.1, 22.2 and 22.5 degrees is not significant; again a 
tolerance for imprecision can be observed. It is assumed that each value in degrees 
belongs to the closest compass point, therefore the middle point between each two 
compass points was chosen as the boundary point between them, being the middle point 
itself belonging to the next upper compass point.  

To implement the transformation of WindDirection attribute from degrees to compass 
points a new attribute was inserted into the data set, the WindCompas, text attribute size 
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8. The not fog class data set initially had 48.963 instances. After all data transformations 
and after the nulls instances were removed, the resulted not fog class data set has 47,995 
instances, and the fog class data set has 938 instances. 

4 – The data-mining stage 

Aviation weather forecasting can be studied as a classification problem, where the 
weather phenomena are the established patterns for classification, e.g., fog, severe 
thunderstorms and normal weather condition. The weather observations are the data 
under evaluation. Several weather observations and their possible combinations could be 
appraised, such as wind speed, wind direction, dew point, etc, when determining the 
occurrence of a certain weather pattern. Our modeling uses fifteen attribute values of 
weather observations and two pre-defined classes, fog and not fog. For combinations of 
order three, the cluster size is 848046 possible combinations; for combinations of order 
five the cluster size increased to 1218218079 combinations.2 
After data pre-processing, the next stage is to select a set of data models for data mining, 
it means, to properly choose the sets of data for training (mining), test and evaluation. 
Data mining technology was applied to the set of cases stored in a case base (or mining 
data set) to find “chunks” of domain knowledge. Next sections discuss the generated 
data models and present a brief description of the used data-mining algorithm. 

4.1 – Data models 

Fog and Not Fog classes have a heterogeneous distribution making a homogeneous 
analysis difficult. The dataset has 938 instances of fog class and 47,995 instances of not 
fog class. Because of that, it was decided to split the dataset into two, one data set with 
fog cases and the other with not fog cases. Each class was split into training (mining), 
testing and evaluation data sets. It has been recognized that the data set must be large 
enough in order to capture sufficient information about each variable and the interactions 
among them (Mohammed,et al1996; Provost&Kolluri, 1999; Pyle, 1999).  

Normally the whole dataset is randomly divided into about 80% for training purposes 
and 20% for testing or evaluation. Several exploratory studies and experiments handling 
data sampling are reported in specific literature about knowledge discovery, knowledge 
engineering and machine learning; see (Berry&Linoff, 2000; Buchner et al., 1998; Chen 
et al 1998; Hruschka&Ebecken, 1998; Siegler&Steurer, 1998) for illustrating data 
sampling approaches. The sampling approach used in this study was the stratified 
sampling. This approach is suitable when the classes in the population are 
heterogeneously distributed (Catlett, 1991).  

For fog class the whole population was used being 85% of the population randomly 
selected for mining data set, with 807 rows of data. In addition, 7% of the population 
was randomly selected for testing and for evaluation, each one, with 63 and 68 rows of 
data respectively.  

For not fog class, two samples were generated from the whole population, one sample 
being 10% of the whole population, named Model1, with 4,763 instances. The second 
sample named Model2, 20% of the population with 9,572 instances. From Model1, three 
data sets were randomly generated; a mining data set (60% of the sample), called 
Model1-60, an evaluation data set and a test data set, both being 10% out of the Model1. 
In addition, a second mining data set was generated, being 80% of the initial sample 
(Model1) and new evaluation data set and test data set were also generated, both of them 
being 10% out of the Model1 sample. Those data sets belong to Model1-80.  

                                                           
2 Combinations of “N” objects, “R” at a time is given by: Cr

� �= n! / r! (n-r)!, where ‘!’ indicates 
factorial operation. 
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Similar approach was used with Model2. A mining data set being 60% of the sample, 
an evaluation data set and a test data set, both of them being 10% were generated from 
the Model2 sample. Those data sets are named Model2-60. Table 3 illustrates the 
generated data models for not fog class. 

Table 3. Not fog class data models 

Data Model Model 1-60 Model 1-80 Model 2-60 
Population size (N) 47.995 47.995 47.995 
Sample size (n) 4.763 (10% / N) 4.763 (10% / N) 9.572 (20% / N) 
Mining set 2.836 (60% / n) 3.869 (80% / n) 5.699 (60% / n) 
Evaluation set 490 (10% / n) 438 (10% / n) 949 (10% / n) 
Test set 500 (10% / n) 456 (10% / n) 992  (10% / n) 

The final data sets for mining were obtained by joining the fog class mining set with 
each not fog class mining set, therefore three models of mining set were generated. Table 
4 shows the mining set models: 

Table 4. Mining data models 

 Mining Model 1-60 Mining Model 1-80 Mining Model 2-60 
Mining sets Fog mining Model 

+ Not fog Model 1-60 
Fog mining Model + 

Not fog Model 1-80 
Fog mining Model + 

Not fog Model 2-60 
Rows in fog class 807 807 807 
Rows in not fog class 2.836 3.869 5.699 
Total number of rows 3.643 4.676 6.506 

The samples were generated using SPSS random sampling generation mechanism. 
Analyses of variability were performed between the samples and the population to check 
that the samples had captured the population variability. The evaluation data set will be 
used to handle to problem of overfitting in the neural network, and the test data set will 
be used to verify the level of learning and accuracy.  

4.2 – Associative Rule Generator Algorithm 

We characterized the aviation weather forecasting problem as a classification problem, 
consequently an approach to handle classification problems was chosen. The used 
approach is an association rules algorithm (Agrawal, et al 1993; Mohammed et al., 
1996.). An association rule is an expression X ��� ������ �� �	
� �� ���� 
��
� ���
predicates; where X is a precondition of the rule in disjunctive normal form and Y - the 
target post condition. The Combinatorial Rule Model (CRM) (Beckenkamp et al 1998) 
was the algorithm used in the experiments so far in this project. CRM is a data mining 
oriented version of the Combinatorial Neural Model (CNM) algorithm (Beckenkamp et 
al., 1998; Machado, Barbosa&Neves, 1998). The CNM network topology is a feed-
forward network with a topology of 3 layers.  

The input layer of a CNM network represents the set of evidences about the examples. 
That is, each input is in the [0,1] interval, indicating the pertinence of the training 
example to a certain concept. The combinatorial layer is automatically generated: a 
neuron is added to this layer for each possible combination of evidences, from order 1 to 
a maximum order, given by the user. The output layer corresponds to the possible classes 
an example could belong (Machado et al., 1998). Combinatorial neurons behave as 
conjunctions of evidences that lead to a certain class.  

The use of CRM algorithm is a preliminary study and does not imply any particular 
preference. Others data mining algorithms are under evaluation to be used in this 
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research project. For example the ARMiner algorithm and some tree induction 
algorithms, such as C4.5 (Quinlan, 1993) will be further applied.  

5 – Results and analysis  

Experiments with CRM algorithm were carried out with the described data models. The 
meteorological database has been used to find patterns describing the occurrence of 
dense fog at Tullemarine airport, Melbourne, Australia. The output attribute, Fog Type 
was discretised into classes “F” for Fog and “NF” for Not Fog. 

In an exploratory approach, rules with 70%, 80% and 90% of confidence degree 
levels were generated and have been appraised to select the most relevant ones. All the 
experiments were done using a minimum rule support of 10%. The support represents 
the ratio of the number of records in the database for which the rule is true to the total 
number of records. The confidence degree represents the conditional probability of the 
consequent given the antecedent (Buchner et al., 1998; Piatetsky et al 1991). Table 5 
shows the amount of generated rules for each data models with the confidence level 
accordingly. 

Table 5. Amount of generated rules for each data model 

Rule Confidence Degree Data            
Model 70% 80% 

 Fog          Not Fog Total   Fog       Not Fog Total 
Model 1-60 108 134 242 74 130 204 
Model 1-80 101 126 227 61 126 187 
Model 2-60 83 189 272 45 189 234 

For the confidence level of 90% too few rules were obtained; with a maximum 
amount of 13 rules for fog class when using data model Model1-80. This amount of rules 
is unlikely to be enough for a satisfactory description of the fog phenomenon. 
Experiments with the confidence factor of 70% and 80% resulted in several rules some 
of which are very trivial for decision support. They may be discarded during the rule 
verification process.  

Example of discovered rule from Model1-60, Fog class, are showed below: 
Rule 1 for Fog Class: 
If TotalLowCloud > 7   
 And Rainfall  = 0 
 And Visibility <= 24 
 And Wind Speed <= 1 
Then Fog Type = F (Confidence: 94.74%, Number of cases: 108, 
Support: 13.38%,) 

 
The rules need to be appraised by the forecasters for their accuracy and usefulness. 

However, the outcomes show the feasibility of knowledge discovery technology in 
aviation weather forecasting. New experiments will be performed, selecting different 
weather observations.  

6 – Conclusion and Comments 

This paper presents a meteorological knowledge discovery experiment; it addresses the 
application of KDD for industrial problems. Data selection task, the prep-processing 
stage; the data-mining algorithm and data model were also discussed.  The applicability 
of this technology to support aviation weather forecasting has been shown.  
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The results obtained so far were presented to the forecasters from the Bureau and 
assessed as potentially useful in supporting their tasks. Also, if compared with the 
statistical methods currently used for severe weather forecasting, the generated set of 
rules showed a higher level of generalizability of relations stored in a case base. 

Next steps in this study will deal with rule evaluation and verification. Those selected 
rules will be stored in a knowledge base and powered by an expert system inference 
engine for decision support. Fuzzy logic is potentially useful for representing semantic 
variables such as Wind Speed and Wind Direction to avoid excessively simplifications. 
This approach will be further evaluated. The use of different data mining algorithms is 
under evaluation, and a comparative study is planned. 
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Abstract. In this paper we propose DCP, a new algorithm for solv-
ing the Frequent Set Counting problem, which enhances Apriori. Our
goal was to optimize the initial iterations of Apriori, i.e. the most time
consuming ones when datasets characterized by short or medium length
frequent patterns are considered. The main improvements regard the use
of an innovative method for storing candidate set of items and counting
their support, and the exploitation of effective pruning techniques which
significantly reduce the size of the dataset as execution progresses.

1 Introduction

The Frequent Set Counting (FSC) [1,2,3,4,6,11,12,13,15,17,19] problem has been
extensively studied as a method of unsupervised Data Mining [8,9,16] for dis-
covering all the subsets of items (or attributes) that frequently occur in the
transactions of a given database. Knowledge of the frequent sets is generally
used to extract Association Rules stating how a set of items (itemset) influences
the presence of another itemset in the transaction database. In this paper we
focus on the FSC problem, which is the most time-consuming phase of the Asso-
ciation Mining process. An itemset is frequent if it appears in at least s% of all
the n transactions of the database D, where s is the support threshold. When D
and the number of items included in the transactions are huge, and we are look-
ing for itemsets with small support, the number of frequent itemsets becomes
very large, and the FSC problem very expensive to solve, both in time and space.
Although a number of other solutions have been proposed, Apriori [4] is still the
most commonly recognized reference to evaluate FSC algorithm performances.
Apriori iteratively searches frequent itemsets: at each iteration k, Fk, it identify
the set of all the itemsets of k items (k-itemsets) that are frequent. In order to
generate Fk, a candidate set Ck of potentially frequent itemsets is first built.
By construction, Ck is a superset of Fk. Thus, to discover frequent k-itemsets,
the support of all candidate sets is computed by scanning the entire transaction
database D. All the candidates with minimum support are then included in Fk,
and the next iteration is started. The algorithm terminates when Fk becomes
empty, i.e. when no frequent set of k or more items is present in the database. It
is worth considering that the computational cost of the k-th iteration of Apriori
strictly depends on both the cardinality of Ck and the size of D. In fact, the
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number of possible candidates is, in principle, exponential in the number m of
items appearing in the various transactions of D. Apriori considerably reduces
the number of candidate sets on the basis of a simple but very effective observa-
tion: a k-itemset can be frequent only if all its subsets of k−1 items are frequent.
Ck is thus built at each iteration as the set of all k-itemsets whose subsets of
k − 1 items are all included in Fk−1. Conversely, k-itemsets that contain at least
one infrequent (k − 1)-itemset are not included in Ck. This level-wise behavior
characterizes a whole family of algorithms for FSC, as for example the Direct
Hash with Pruning algorithm (DHP) [15]. An important algorithmic problem ad-
dressed by these algorithms is to efficiently count the support of the candidate
itemsets. During iteration k, all the k-subsets of each transaction t ∈ D must
be determined and their presence in Ck be checked. To reduce the complexity
of this phase, Apriori stores the various candidate itemsets in the leaves of a
hash-tree, while suitable hash tables are placed in the internal nodes of the tree
to direct the search of k-itemsets within Ck. The performance, however, only
improves if the hash-tree splits Ck into several small disjointed partitions stored
in the leaves of the tree. Unfortunately this does not happen for small values of
k since the depth of the tree and thus the number of its leaves depends on k.

DCP (Direct Count of candidates & Prune transactions), the new algorithm
proposed in this paper, enhances Apriori by exploiting an innovative method
for storing candidate itemsets and counting their support. The method is a
generalization of the Direct Count technique used for counting the support of
unary itemsets, and allows the cost of the initial iterations of the algorithm
to be reduced considerably, both in time and space. Moreover, to reduce both
computation and I/O cost, a pruned dataset Dk+1 is written to the disk at
each iteration k of the algorithm, and employed at the next iteration. DCP
adopts simple and effective heuristics for pruning the dataset, without using
the complex hash filter used by DHP [15]. DCP does not address the issues
arising in databases from which very long patterns can be mined [1,6]. In this
case we have an explosion of the candidate number, since all the 2l subsets
of each long maximal frequent itemset of length l have to be produced and
counted. More importantly, in these problems the supports of short frequent k-
itemsets are usually very large, thus making the counting process very expensive.
To validate our algorithm, we conducted in-depth experimental evaluations by
taking into account not only execution times, but also virtual memory usage,
I/O activity and their effects on the elapsed time. When possible, locality of data
and pointer dereferencing were optimized due to their importance with respect
to the recent developments in computer architectures. The experimental results
showed that our new algorithm, DCP, outperforms the others. Our test bed
was a Pentium-based Linux workstation, while the datasets used for tests were
generated synthetically.

The paper is organized as follows. Section 2 introduces DCP, and discusses
its features in depth. Section 3 reports the promising results obtained, while
Section 4 reviews some of the most recent results in the FSC field. Finally,
Section 5 draws some conclusions.
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2 The DCP Algorithm

As with the other algorithms of the Apriori class, DCP uses a level-wise,
counting-based approach, according to which at each iteration k all the trans-
actions are counted against a set of candidate k-itemsets. The database D is
horizontally stored, i.e. each record corresponds to a variable length transaction
containing a set of items represented by integer identifiers. We assume that item
identifiers are stored in sorted order in both transactions and itemsets, and that
sets Ck and Fk, Fk ⊆ Ck, are both stored as lexicographically ordered vectors
of k-itemsets.

At each iteration k, DCP builds Ck on the basis of Fk−1. In this construction
we exploit the lexicographic order of Fk−1 to find pairs of (k−1)-itemsets sharing
a common (k − 2)-prefix. Due to this order, the various pairs occur in close
positions within the vector storing Fk−1. The union of each pair is a k-itemset
that becomes a candidate c ∈ Ck only if all its subsets are included in Fk−1.
Also in this case we can exploit the lexicographic order of Fk−1, thus checking
whether all the subsets of c are included in Fk−1 in logarithmic time.

The main enhancements introduced by DCP regard the exploitation of
database pruning techniques, and the use of an innovative method for storing
candidate itemsets and counting their support:

– A pruned (and smaller) dataset Dk+1 is written to the disk at each iteration
k, and employed at the next iteration. Pruning clearly reduces I/O activity
but its main benefit is the reduced cost of the subset counting phase due to
the reduced number and size of transactions.

– DCP does not use a hash tree for counting frequent sets. Instead it is based
on directly accessible data structures, thus enhancing spatial locality and
avoiding complex and expensive pointer dereferencing.

2.1 Pruning the Dataset

Two different pruning techniques are exploited. Dataset global pruning which
transforms a generic transaction t, read from Dk into a pruned transaction t̂,
and Dataset local pruning which further prunes the transaction, and transforms
t̂ into ẗ before writing it to Dk+1. While the former technique is original, the
latter has already been adopted by DHP [15].

Dataset global pruning. The technique is based on the following argument: t
may contain a frequent k-itemset I only if all the (k − 1)-subsets of I belong to
Fk−1. Since searching Fk−1 for all the (k − 1)-subsets of any I ⊆ t may be very
expensive, a simpler heuristic technique, whose pruning effect is smaller, was
adopted. In this regard, note that the (k − 1)-subsets of a given k-itemset I ⊆ t
are exactly k, but each item belonging to t should only appear in k−1 of these k
itemsets. Therefore, we derive a necessary (but weaker) condition to keep a given
item in t: item ti is retained in t̂ if it appears in at least k − 1 frequent itemsets
of Fk−1. To check the condition above, we simply use a global vector Gk−1[ ]
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that is updated on the basis of Fk−1. Each counter of Gk−1[ ] is associated with
one of the m items of Dk. For each frequent (k − 1)-itemset belonging to Fk−1,
the global counters associated with the various items appearing in the itemset
are incremented. After Fk−1 has been scanned, Gk−1[j] = x means that item
j appears in x frequent itemsets of Fk−1. Counters Gk−1[ ] are thus used at
iteration k as follows. An item ti ∈ t is copied to the pruned transaction t̂ only
if Gk−1[ti] ≥ k − 1. Moreover, if |t̂| < k, the transaction is skipped, because it
cannot possibly contain any frequent k-itemset.

Dataset local pruning. The Dataset local pruning technique is applied to each
transaction t̂ during subset counting. The arguments this pruning technique
is based on, are similar to those of its global counterpart. Transaction t̂ may
contain a frequent (k + 1)-itemset I only if all the k-subsets of I belong to Fk.
Unfortunately, Fk is not yet known when our Dataset local pruning technique
should be applied. However, since Ck is a superset of Fk, we can check whether
all the k-subsets of any (k + 1)-itemset I ⊆ t̂ belong to Ck. This check could be
made locally during subset counting of transaction t̂.

Note that to implement the check above we should have to maintain, for
each transaction t̂, information about the inclusion of all the k-subsets of t̂ in
Ck. Since storing this information may be expensive, we adopted the simpler
technique already proposed in [15], whose pruning effect is however smaller:
item t̂i is retained in ẗ if it appears in at least k candidate itemsets of Ck.

2.2 Direct Count of Frequent k−Itemsets

On databases characterized by short or medium length patterns, most of the
execution time of Apriori is spent on the first iterations, when the smallest
frequent itemsets are searched for. While Apriori uses an effective direct count
technique for k = 1, the hash-tree data structure used for the other iterations,
is not efficient for small values of k. For example, for k = 2 or 3, Ck is usually
very large, and the hash tree used by Apriori splits it into only a few partitions,
since the depth of the hash tree depends on k. Based on this observation, for
k ≥ 2 we used a Direct Count technique which is based on a generalization of
the technique exploited for k = 1. The technique is different for k = 2 and for
k > 2, so we will illustrate the two cases separately.

Counting frequent 2-itemsets. A trivial direct method for counting 2-itemsets
can simply exploit a matrix of m2 counters, where only the counters appearing
in the upper triangular part of the matrix will actually be incremented [19].
Unfortunately, for large values of m, this simple technique may waste a lot of
memory. In fact, since |F1| is usually less than m, and C2 = F1×F1, we have that
|C2| =

(|F1|
2

) � m2. Before detailing the technique, note that at each iteration k
we can simply identify Mk, the set that only contains the significant items that
have not been pruned by the Dataset global pruning technique at iteration k. Let
mk = |Mk|, where mk < m. In particular, for k = 2 we have that M2 = F1, so
that m2 = |F1|. Our technique for counting frequent 2-itemsets is thus based on
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the adoption of vector COUNTS[ ], which contains |C2| =
(
m2
2

)
=

(|F1|
2

)
counters.

The counters are used to accumulate the frequencies of all the possible itemsets in
C2 in order to obtain F2. It is possible to devise a perfect hash function to directly
access the counters in COUNTS[ ]. Let T2 be a strictly monotonous increasing
function mapping M2 to {1, . . . ,m2}. The entry of COUNTS[ ] corresponding
to a generic candidate 2-itemset c = {c1, c2} can be accessed directly by means
of the following order preserving, minimal perfect hash function:

∆2(c1, c2) = Fm2
2 (x1, x2) =

x1−1∑

i=1

(m2−i) + (x2−x1) = m2(x1−1)− x1(x1 − 1)
2

+x2−x1, (1)

where x1 = T2(c1) and x2 = T2(c2). Equation (1) can easily be derived by
considering how the counters associated with the various 2-itemsets are stored
in vector COUNTS[ ]. We assume, in fact, that the counters relative to the
various pairs {1, x2}, 2 ≤ x2 ≤ m2 are stored in the first (m2 − 1) positions of
vector COUNTS, while the counters corresponding to the various pairs {2, x2},
3 ≤ x2 ≤ m2, are stored in the next (m2 −2) positions, and so on. Moreover, the
pair of counters relative to {x1, x2} and {x1, x2+1}, where 1 ≤ x1 < x2 ≤ m2−1,
are stored in contiguous positions of COUNTS[ ].

Counting frequent k-itemsets. The technique above cannot be generalized to
count the frequencies of k-itemsets when k > 2. In fact, although mk decreases
with k, the amount of memory needed to store

(
mk

k

)
counters might be huge,

since in general
(
mk

k

) � |Ck|. Before detailing the technique exploited by DCP
for k > 2, remember that, at step k, for every transaction t, we have to check
whether any of its

(|t|
k

)
k-subsets belong to Ck. Adopting a naive approach, one

could generate all the possible k-subsets of t and check each of them against
all the candidates in Ck. The hash tree used by Apriori is aimed at limiting
this check to only a subset of all the candidates. A prefix tree is another data
structure that can be used for the same purpose [13]. In DCP we adopted a
limited and directly accessible prefix tree to select subsets of candidates sharing
a given prefix, the first two items of the k-itemset. Note that, since the various
k-itemsets of Ck are stored in a vector in lexicographic order, all the candidates
sharing a common 2-item prefix are stored in a contiguous section of this vector.
To efficiently implement our prefix tree, a directly accessible vector PREFIXk[ ]
of size

(
mk

2

)
is thus allocated. Each location in PREFIXk[ ] is associated with

a distinct 2-item prefix, and contains the pointer to the first candidate in Ck

characterized by the prefix. More specifically, PREFIXk[∆k(c1, c2)] contains the
starting position in Ck of the segment of candidates whose prefix is {c1, c2}. As
for the case k = 2, in order to specify ∆k(c1, c2), we need to exploit a renumbering
function Tk : Mk → {1, . . . ,mk}. ∆k(c1, c2) can be thus defined as ∆k(c1, c2) =
Fmk

2 (x1, x2), where x1 = Tk(c1) and x2 = Tk(c2), while the hash function Fmk
2 is

defined by Equation (1). DCP exploits PREFIXk[ ] as follows. In order to count
the support of the candidates in Ck, we select all the possible prefixes of length 2
of the various k-subsets of each transaction t = {t1, . . . , t|t|}. Since items within
transactions are ordered, once a prefix {ti1 , ti2}, ti1 < ti2 , is selected, the possible
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completions of this prefix needed to build a k-subsets of t can only be found
in {ti2+1, ti2+2, . . . , t|t|}. The contiguous section of Ck which must be visited
is thus delimited by both PREFIXk[∆k(ti1 , ti2)] and PREFIXk[∆k(ti1 , ti2) +
1]. Note that this counting technique exploits high spatial locality. Moreover,
we highly optimized the code which checks whether each candidate itemset,
selected through the prefix tree above, is included or not in t = {t1, . . . , t|t|}. Our
technique requires at most k comparisons. The algorithmic trick used is based on
the knowledge of the number and the range of all the possible items appearing
in each transaction t and in each candidate k-itemset c. In fact, this allows us
to build a vector POS[1 . . . m], storing information about which items actually
appear in t. More specifically, for each item ti of t, POS[ti] stores its position
in t, zero otherwise. The possible positions thus range from 1 to |t|. Therefore,
given a candidate c = {c1, . . . , ck}, c is not included in t if there exists at least
one item ci such that POS[ci] = 0. Since both c and t are ordered, we can
deduce that c is not a subset of t without checking all the items occurring in c.
In particular, given a candidate c = {c1, . . . , ck} to be checked against t, we can
derive that c * t, even if ci actually appears in t, i.e. POS[ci] 6= 0. Suppose that
the position of ci within t, i.e. POS[ci], is such that (|t| − POS[ci]) < (k − i).
If the disequation above holds, then c * t because c contains other (k − i) items
greater than ci, but such items in t are only (|t| − POS[ci]) < (k − i).
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Fig. 1. DCP pruning efficacy, and I/O cost.

3 Performance Evaluation

We conducted several experiments to compare DCP with Apriori, DHP, and
AprioriDP , an implementation of Apriori which exploits our dataset pruning
technique. The test bed architecture used was a 450MHz Pentium III Linux
workstation with 512MB RAM and an Ultra2 SCSI disk, while the datasets were
generated synthetically by using a commonly adopted dataset generator [4].

The plot reported in the left hand side of Figure 1 quantifies the effectiveness
of DCP pruning. For s = 0.25% and various datasets, we plotted the size of Dk+1
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as a function of the iteration index k. As it can be seen, the reduction in the size of
the processed dataset is valuable even with this low support threshold. Although
our technique is slightly less effective than the DHP one in early iterations [14],
it is much more efficient both in time and space from a computational point of
view.

Dataset pruning has important implications on performances. Even if the
size of the transaction database is initially huge, we can forecast that after few
iterations the pruned dataset may entirely fit into the main memory. If this
is the case, the original out-of-core algorithm could become in-core. Note that
this transformation is automatically achieved by modern OSs that exploit the
main memory left unused by the kernel and the processes as a buffer cache for
virtualizing accesses to block devices such as disks [5]. Moreover, since the file
is accessed sequentially, the OS prefetches the next block while the current one
is being elaborated. To prove the benefits of I/O prefetching in FSC level-wise
algorithms, we conducted synthetic tests whose results are reported in the plot
on the right hand side of Figure 1. In these tests, we read a file of 256 MB
in blocks of 4KB, and used an SCSI Linux workstation with 256 MB of RAM.
We artificially varied the per-block computation time, and measured the total
elapsed time. The difference between the elapsed time and the CPU time actually
used to elaborate all the blocks corresponds to the combination of CPU idle time
and time spent on I/O activity. Note that an approximated measure of the I/O
cost for reading the file can be deduced for null per-block CPU time (x = 0): in
this case the measured I/O bandwidth is about 10MB/sec. As we increase the
per-block CPU time, the total execution time does not increase proportionally,
but remains constant up to a certain limit. After this limit, the computational
grain of the program is large enough to allow the OS to overlap computation
and I/O. Since the cost of the candidate counting task rapidly increases as we
decrease the support threshold, we argue that for small supports level-wise FSC
algorithms can be considered compute and not I/O bound.

The plots reported in Figure 2 show per-iteration execution times of DCP,
AprioriDP and DHP. The two plots refer to tests conducted on the same dataset,
for support thresholds equal to 0.75 and 0.50. DCP always outperforms the
other algorithms due to its more efficient counting technique. The performance
improvement is particularly impressive for small values of k. For example, for
s = 0.75, the second iteration of DCP takes about 21 sec. with respect to 853
and 1321 sec. for DHP and AprioriDP . The superior performances of DCP are
observable also in the plots reported in Figure 3, which show the total execution
time obtained running Apriori, DHP, AprioriDP , and DCP as a function of the
support threshold. In these tests we varied some parameters of the synthetic
datasets such as the average transaction size t, the total number m of items
present in D, and the number of transactions. In all the cases DCP remarkably
outperformed its competitors. In many cases the performance improvement is of
more than one order of magnitude. Moreover, for very small supports (0.25%),
some tests with the other algorithms were not able to allocate all the memory
needed. DCP, in fact, requires less memory than its competitors which exploit
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a hash tree for counting candidates, and is thus able to handle very low supports
without the explosion of the size of the data structures used.

4 Related Work

The algorithms of the Apriori family [3,4,10,15] adopt a a level-wise behav-
ior, which involves a number of dataset scans equal to the size of the largest
frequent itemset. The frequent itemsets are identified by using a counting-based
approach, according to which, for each level k, we count the candidate k-itemsets
that are set-included in each transaction. An alternative approach, used by sev-
eral other algorithms, is the intersection-based one [7,17,19]. In this case the
database is stored in a vertical layout, where each record is associated with a
distinct item and is stored as a list of transaction identifiers (tid-list). Partition,
an intersection-based algorithm that solves several FSC local problems on dis-
tinct partitions of the dataset is discussed in [17]. Dataset partitions are chosen
which are small enough to fit in the main memory, so that all these local FSC
problem can be solved with a single dataset scan. While, during the first scan,
the algorithm identifies a superset of all the frequent itemsets, a second scan is
needed to compute the actual global support of all the itemsets. This algorithm,
despite the small I/O costs, may generate a superset of all the frequent item-
sets which is too large due to data skew, thus making the next iteration of the
algorithm very expensive in terms of time and space. In [12] some methods to
reduce the effects of this problem are discussed. Dataset sampling [18,20] as a
method of reducing computation and I/O costs has also been proposed. Unfor-
tunately, the FSC results obtained from a sampled dataset may not be accurate
since data patterns are not precisely represented due to the sampling process. As
discussed in Section 3, for small support thresholds, the Apriori family of algo-
rithms becomes compute-bound, so that techniques as those illustrated in [5] can
be effectively exploited to overlap I/O time. Since algorithms that reduce dataset
scans [12,17,18] increase the amount of work carried out at each iteration, we
argue that further work has to be done to quantitatively analyze the advantages
and disadvantages of adopting these algorithms rather than level-wise ones.

Recently, several new algorithms for solving the FSC problem have been
proposed [19]. Like Partition, they use an intersection-based approach by dy-
namically building a vertical layout database. While the Partition algorithm
addresses these issues by relying on a blind subdivision of the dataset, Zaki’s
algorithms exploit clever dataset partitioning techniques that rely on a lattice-
theoretic approach for decomposing the search space. However, Zaki obtains the
best computational times with algorithms which mine only the maximal fre-
quent itemsets (e.g. MaxEclat, MaxClique). While it is simple to derive all the
frequent itemsets from the maximal ones, the same does not hold for their sup-
ports, which require a further counting step. Remember that the exact supports
of all the frequent itemsets are needed to compute association rule confidences.

In [6] the Max-Miner algorithm is presented, which aims to find maximal
frequent sets by looking ahead throughout the search space. This algorithm is
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explicitly devised to work well for problems characterized by long patterns. When
the algorithm is able to quickly find a long frequent itemset and its support, it
prunes the search space and saves the work to count the support of all the subsets
of this long frequent itemset. Moreover, it uses clever lower bound techniques
to determine whether an itemset is frequent without accessing the database and
actually counting its support. Hence, in this case too the method is not able to
exactly determine the support of all frequent itemsets.

FP-growth [11], a very interesting algorithm able to find frequent itemsets in
a database without candidate generation, has been recently presented. The idea
is to build in memory a compact representation of the dataset where repeated
patterns are represented once along with the associated repetition counters. The
data structure used to store the dataset is called frequent pattern tree, or FP-
tree for short. The tree is then explored without using the candidate generation
method, which may explode for problems that have long itemsets. The algorithm
is recursive. It starts by identifying paths on the original tree which share a com-
mon prefix. These paths are intersected by considering the associated counters.
During its first steps, the algorithm determines long frequent patterns. Then
it recursively identify the subsets of these long frequent patterns which share
a common prefix. Moreover, the algorithm can also exactly compute the sup-
port of all the frequent patterns discovered. The authors only present results for
datasets where the maximal frequent itemsets are long enough. We believe that
for problems where the maximal frequent sets are not so long, the resulting FP-
tree should not be so compact, and the cost of its construction would significantly
affect the final execution time. A problem that has been recognized for FP-growth
is the need to maintain the tree in memory. Solutions based on a partition of
the database, in order to permit problem scalability, are also illustrated.

Finally we discuss Tree Projection [1], an algorithm which, like DCP prunes
the transactions before counting the support of candidate itemsets, and also
adopts a counting-based approach. The pruning technique exploited by DCP
takes into account global properties regarding the frequent itemsets currently
found, and produces a new pruned dataset at each iteration. Tree Projection, on
the other hand, prunes (or projects) each transaction in a different way when-
ever the support of a specific group of candidates has to be counted. To this
end candidates are subdivided into groups, where each group shares a common
prefix. To determine the various projections of each transaction at level k, the
transaction has to be compared with each frequent itemset at level k − 2. These
itemsets determine the common prefix of a given group of candidates of length k.
This is the most expensive part of the algorithm. Once each projection has been
determined, counting is very fast, since it only requires access to a small matrix
of counters. The counting method used by DCP is different from Tree Projec-
tion. We need to access different groups of candidates (and associated counters)
which share a common 2-item prefix. However, we do not need to scan all the
possible 2-item prefixes. On the other hand, for each pair of items occurring in
each transaction t we look up a directly accessible prefix table of Ck, and then
scan the group of candidates to determine their inclusion in t. Note that the cost
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of this scan, due to the pruning operated on t, and the technique used to check
the inclusion of each candidate in t, is very low.

5 Conclusions

In this paper we have reviewed the Apriori class of algorithms proposed for
solving the FSC problem. These algorithms have often been criticized because
of their level-wise behavior, which requires a number of scans of the database
equal to the cardinality of the largest frequent itemset discovered. However we
have shown that, in many practical cases, Apriori -like algorithms are not I/O-
bound. When this occurs, the computational granularity is large enough to take
advantage of the features of modern OSs, which allow computation and I/O to
be overlapped. To speed up these compute-bound algorithms, it is thus impor-
tant to make their most expensive computational part, i.e. the subset counting
step, more efficient. Moreover, as the DHP algorithm demonstrates, counting the
number of dataset scans as a measure of the complexity of the Apriori algorithms
does not take into account that very effective dataset pruning techniques can be
devised. These pruning techniques can rapidly reduce the size of the dataset un-
til it fits into the main memory. Nevertheless, our results showed that the efforts
to reduce the size of the dataset and the number of candidates are of little use
if the subset counting procedure is not efficient.

Our ideas to design DCP, a new algorithm for solving the FSC problem, orig-
inate from all the above considerations. DCP uses effective database pruning
techniques which, differently from DHP ones, introduce only a limited overhead,
and exploits an innovative method for storing candidate itemsets and count-
ing their support. Our counting technique exploits spatial locality in accessing
the data structures that store candidates and associated counters. It also avoids
complex and expensive pointer dereferencing. As a result of its design, DCP
significantly outperforms both DHP and Apriori. For many datasets the per-
formance improvement is even more than one order of magnitude. Due to its
counting efficiency and low memory requirements, DCP exhibits good scalabil-
ity and can thus be used to efficiently find low-support frequent itemsets within
very large databases characterized by short or medium length patterns. Inter-
ested readers can find in [14] more details on DCP, as well as its pseudo code.

References

1. R. C. Agarwal, C. C. Aggarwal, and V.V.V. Prasad. Depth first generation of long
patterns. In Proc. of the 6th ACM SIGKDD Int. Conf. on Knowledge Discovery
and Data Mining, pages 108–118, Boston, MA, USA, 2000.

2. R. Agrawal, T. Imielinski, and Swami A. Mining Associations between Sets of
Items in Massive Databases. In Proc. of the ACM-SIGMOD 1993 Int’l Conf. on
Management of Data, pages 207–216, Washington D.C., USA, 1993.

3. R. Agrawal, H. Mannila, R. Srikant, H. Toivonen, and A. Inkeri Verkamo. Fast
Discovery of Association Rules in Large Databases. In Advances in Knowledge
Discovery and Data Mining, pages 307–328. AAAI Press, 1996.



82 S. Orlando, P. Palmerini, and R. Perego

4. R. Agrawal and R. Srikant. Fast Algorithms for Mining Association Rules in Large
Databases. In Proc. of the 20th VLDB Conf., pages 487–499, Santiago, Chile, 1994.

5. R. Baraglia, D. Laforenza, S. Orlando, P. Palmerini, and R. Perego. Implemen-
tation issues in the design of I/O intensive data mining applications on clusters
of workstations. In Proc. of the 3rd Workshop on High Performance Data Min-
ing, in conjunction with IPDPS-2000, Cancun, Mexico, pages 350–357. LNCS 1800
Spinger-Verlag, 2000.

6. R. J. Bayardo Jr. Efficiently Mining Long Patterns from Databases. In Proc.
of the ACM SIGMOD Int. Conf. on Management of Data, pages 85–93, Seattle,
Washington, USA, 1998.

7. Brian Dunkel and Nandit Soparkar. Data organization and access for efficient data
mining. In Proceedings of the 15th ICDE Int. Conf. on Data Engineering, pages
522–529, Sydney, Australia, 1999. IEEE Computer Society.

8. U. M. Fayyad, G. Piatetsky-Shapiro, P. Smyth, and R. Uthurusamy, editors. Ad-
vances in Knowledge Discovery and Data Mining. AAAI Press, 1998.

9. V. Ganti, J. Gehrke, and R. Ramakrishnan. Mining Very Large Databases. IEEE
Computer, 32(8):38–45, 1999.

10. E. H. Han, G. Karypis, and Kumar V. Scalable Parallel Data Mining for Associ-
ation Rules. IEEE Transactions on Knowledge and Data Engineering, 12(3):337–
352, May/June 2000.

11. J. Han, J. Pei, and Y. Yin. Mining Frequent Patterns without Candidate Gener-
ation. In Proc. of the ACM SIGMOD Int. Conf. on Management of Data, pages
1–12, Dallas, Texas, USA, 2000.

12. J.-L. Lin and M. H. Dunham. Mining association rules: Anti-skew algorithms. In
Proceedings of the 14-th Int. Conf. on Data Engineering, pages 486–493, Orlando,
Florida, USA, 1998. IEEE Computer Society.

13. A. Mueller. Fast Sequential and Parallel Algorithms for Association Rule Mining:
A Comparison. Technical Report CS-TR-3515, Univ. of Maryland, College Park,
1995.

14. S. Orlando, P. Palmerini, and R. Perego. The DCP algorithm for Frequent Set
Counting. Technical Report CS-2001-7, Dip. di Informatica, Università di Venezia,
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Abstract. In sequential pattern mining, the support of the sequential pattern for
the transaction database is defined only by the fraction of the customers
supporting this sequence, which is known as the customer support. In this
paper, a new parameter is introduced for each customer, called as repetition
support, as an additional constraint to specify the minimum number of
repetitions of the patterns by each customer. We call the patterns discovered
using this technique as cyclically repeated patterns. The additional parameter
makes the new mining technique more efficient and also helps discovering
more useful patterns by reducing the number of patterns searched. Also,
ordinary sequential pattern mining can be represented as a special case of the
cyclically repeated pattern mining. In this paper, we introduce the concept of
mining cyclically repeated patterns, we describe the related algorithms, and at
the end of the paper we give some performance results.

1   Introduction

Several different forms of data mining problems have been investigated, and many
different techniques have been developed. The original form of the sequential pattern
mining problem started to get new attention [8,9,12], in addition to the early works on
this problem [3,10]. The roots of the sequential pattern mining problem can be traced
back to AI (as in [5]) and string processing (as in [11]). However, it got more
attention from the database community after its redefinition in [3] as a database
problem.

Sometimes, sequential pattern mining is treated under more general class of time-
series analysis [6]. The time-series analysis problem had received more attention from
the researchers. Some recent ones are presented in [1,4,7]. In this paper, we extend the
very basic form of the sequential patterns to the cyclically repeated patterns, which is
the generalization of the former one. The technique presented in [10] also generalizes
the sequential pattern mining by considering temporal information on the transactions.

In order to define the concept of mining cyclically repeated patterns, a new
parameter, called repetition support, is defined. In sequential pattern mining, there is
only a single support constraint. Due to the additional constraint, in cyclically
repeated pattern mining, the whole search process becomes much more efficient. In
cyclically repeated pattern mining technique, since there will be less number of
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candidates compared to the sequential pattern mining, the memory requirement for
the hash-table will significantly be reduced. Also, because of the additional constraint,
there will be much less number of possible cyclically repeated patterns, and the
algorithm will terminate more quickly. Data mining is basically used for decision
support process. Therefore, introducing a new parameter will give the decision maker
more flexibility in obtaining different results with two different types of supports.
Also by producing less number of patterns it could be easier for the decision maker to
interpret the results of the mining process.

We will also use the definitions similar to [2,3] in order to introduce the “cyclically
repeated pattern mining” problem. Since the audience of this field is familiar with the
customer transaction databases, throughout the paper we will also use customer
transaction database as an example. Customer transaction database is a relation
consisting of the following fields: customer id, transaction time, and items purchased.
Itemset is any set of items, which can be purchased. Sequence is an ordered list of
itemsets denoted as [i1, i2, …, in] where each ip is an itemset. Cyclically repeated
pattern is just a repeated sequence. Concatenation the sequence x k times can be
represented as xk. Thus, if x is a sequence [i1, i2, …, in], then xk is [i1, i2, …, in, i1, i2, …,
in, …, i1, i2, …, in], where the subsequence [i1, i2, …, in] is repeated k times. When we
have a sequence xk, we call x (i.e., [i1, i2, …, in]) as a cyclically repeated pattern with k
repetitions, or a cyclically repeated pattern with repetition support k.

An example rule, which can be discovered from the customer transaction database,
may be like: It is likely that customers’ purchase of “coke and chips” twice, is
followed by a purchase of “milk and cookies”. If such a pattern is observed in
sufficiently many number of customers, which is repeated in sufficiently many times
by each customer (in which the patterns can start at any point of the pattern), then we
can claim the existence of this pattern as cyclically repeated pattern.

A cyclically repeated pattern [i1, i2, …, in] represents all cyclically repeated patterns
[ir, …, in, i1, i2, …, ir-1], for all the values of r between 1 and n. We call all cyclically
repeated patterns represented by [i1, i2, …, in] as the family of the cyclically repeated
patterns. We choose the cyclically repeated pattern with the highest repetition support
from its family to represent that family. Thus, each cyclically repeated pattern with
length n represents a family of n patterns. If the representative of the family of the
cyclically repeated patterns has k repetitions in a single customer’s transactions, then
all other patterns in the family have at least k-1 repetitions in that customer’s
transactions. Therefore, assuming all the cyclically repeated patterns in that family
having repetition support k from that customer is a very reasonable estimation of the
repetition support for those patterns. By using only the representative of the family we
reduce the number of candidates in all the steps of the process.

The definition of the customer support is also adopted from [3]. In our technique,
customer support of a pattern represents the fraction of customers with that pattern
having the required repetition support. Therefore, the new cyclically repeated pattern
mining technique can also be used to discover sequential patterns by just choosing the
repetition support as one and discarding the “pattern families” concept and
representing each candidate by themselves.

Even though there are also some new techniques proposed for sequential pattern
mining (as in [8,12]), we have used the original algorithm of [3] since it can easily be
adapted to the cyclically repeated pattern mining problem. Other algorithms might
also be modified for this purpose. However, the main point of this paper is not just to
show an efficiency of a specific algorithm, but the efficiency of the whole new
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technique. Since in our approach the number of patterns discovered can be reduced
using the repetition support, it works more efficiently than the sequential pattern
mining technique in all steps. Also reducing the memory requirement contributes the
execution time as well, since the memory requirements of these algorithms could be
very large and main memory might not be sufficient and page swaps could be needed.

The rest of the paper is organized as follows: In section 2, the main steps of the
algorithm are described. The main difference of cyclically repeated pattern mining
technique from the sequential pattern mining is in the fourth phase, which we call
repeated sequence phase in our algorithm, and it corresponds to the sequence phase of
the sequential pattern mining technique of [3]. In section 3, we describe how the
addition of the repetition support changes that phase. The details of this phase are
given for processing single customer’s transactions. Section 3 also describes how the
algorithm works for the whole transaction database. In section 4, some performance
results are given, and finally section 5 presents the conclusions.

2   General Cyclically Repeated Pattern Algorithm

In this section we define the main steps of our algorithm, which is actually based on
the “a priori all” technique of [2,3]. We have extended the sequential pattern mining
algorithm of [3]. Also we have made some modifications on the data structure in
order to determine the repetition supports. Except the fourth phase, other phases of
our technique are almost the same as the one in [3]. Below they are briefly defined.
The details of these phases can be found in [3].

Phase 1: Sort Phase:  The database is sorted using customer id as the major key
and transaction time as the minor key.

Phase 2: Litemset Phase: The set of large item sets, satisfying the given supports,
are determined. They are called as litemsets. These litemsets are mapped to
contiguous integers after they are determined. The difference between this phase in
our algorithm and the one in [3] is that, the litemsets in our technique should also
satisfy the repetition supports for each customer. Extending the transformation phase
of [3] with this additional support constraint is very simple. In order to increment the
customer support count, the number of repetitions of the litemsets for each customer
is determined. If the number of repetitions is greater than or equal to the required
repetition support then the customer support is increased. As in [3], where litemsets
correspond to large-1-sequences, the litemsets in our technique also correspond to
large-1-cyclically-repeated-patterns.

Phase 3: Transformation Phase: This phase is the same as the one in [3]. The
original database is transformed into a database of litemset identifiers by replacing
each transaction by the set of all the litemsets in that transaction. Also, the
transactions that do not appear in litemsets are removed from the database.

Phase 4: Repeated Sequence Phase:  We used “a priori all” algorithm with some
modification in this phase. The data structure has also been modified slightly. The
details of this phase are given in the following sections.

Phase 5: Maximal Phase: Maximal cyclically repeated patterns are determined
from the set of all large cyclically repeated patterns. This phase is also very similar to
the one in [3]. Since each large cyclically repeated pattern represents a family of the
patterns just a simple subsequence check among large cyclically repeated patterns is
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not enough for the containment check. The subsequence check is extended in order to
consider the subsequences that can be obtained by wrapping around the pattern.

3   Repeated Sequence Phase

The repeated sequence phase utilizes the “a priori” approach defined in [3]. This
simply means that through the iterations, using the cyclically repeated patterns
generated just in the previous iteration, larger cyclically repeated patterns are
generated. At iteration i, possible candidates of that iteration, or large-i-candidates
are generated using the large-(i-1)-cyclically repeated-patterns constructed in the
previous iteration. These candidates are stored in a hash-tree structure in order to
efficiently search each customer transaction sequence to determine their repetition
supports and by combining those supports to determine their customer supports.
Those candidates having at least the required minimum supports become large-i-
cyclically repeated-patterns. In our technique there are some additions to the hash-
tree data structure, and there are also some modifications in the candidate generation
process and the hash-tree search process. We will use the following customer
transactions sequence, which represents the list of the set of the litemsets obtained
after the transformation phase:

       [{1}, {2}, {2, 3, 4}, {3, 4}, {1}, {2}, {2, 3, 4}, {3, 4}, {1}]
Assuming the minimum required repetition support is 2, after the first two

iterations the repetition supports of large-2-cyclically repeated-patterns satisfying the
minimum support 2 will be obtained as follows:

Large-2-Cyclically
repeated-Pattern

Support

[1, 2] 2
[1, 3] 2
[1, 4] 2
[2, 3] 2
[2, 4] 2
[3, 4] 2

At this iteration, the reverses of the some of the large-2-cyclically repeated-patterns
should also be generated as large-2-cyclically repeated-patterns. However, we only
keep one pattern from each family of patterns with the highest support representing
that family. When the length of the patterns is 2, there will be only a pair of the form
[a, b] and [b, a] in a family. The cyclically repeated patterns in the above table cover
all the patterns with the required repetition support. In our example, all the reverse
sequences either have the same or one less repetition supports than the ones in the
above table.

When the number of distinct litemsets is k, the maximum number of possible
candidates with length n is k!/(k-n)!. Only k!/(n.(k-n)!) of them are needed to represent
all of them. Therefore, we also reduce the number of the candidates (and therefore the
size of the hash-tables) by the ratio of n (the length of the candidates) by keeping only
one representative from each family of the patterns. In sequential pattern mining, all
the candidates had to be represented in the hash-table. In this example, we have 4
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distinct litemsets, and eight patterns can represent all possible 24 candidates that can
be generated with length 3. No patterns from the families of [1, 4, 2] and [1, 3, 2]
have any support above the required repetition support 2. Therefore we will obtain
only 6 large-3-cyclically repeated-patterns after this iteration. Some of the patterns
indirectly represented do not necessarily have to have the required repetition support,
and they might have one less repetition support than their representatives. For
example the pattern [3, 4, 2] represented by [2, 3, 4] has only repetition support 1.
After this step the following repetition supports will be obtained for the patterns
satisfying the repetition support:

Large-3-Cyclically
repeated-Pattern

Support

[1, 2, 3] 2
[1, 2, 4] 2
[1, 3, 4] 2
[1, 4, 3] 2
[2, 3, 4] 2
[2, 4, 3] 2

We will describe the candidate generation process after the third iteration using the
same example. This process is different than the one in [3] since we use only a
representative of a family to represent all of the possible cyclically repeated patterns
in that family. In order to generate the candidates with “length n+1” for the next
iteration, n many “length n-1” subsequences of each large-n-cyclically repeated-
patterns are searched for joining. A candidate with “length n+1” is obtained by
joining two large-n-cyclically repeated-patterns found in the previous iteration (the
iteration n) by using their common “length n-1” subsequences, and then by adding the
remaining two litemsets of these two patterns. For the above example, from “length
3” to go to the next iteration with “length 4” we check the followings subsequences:

Large-3-Cyclically-
Repeated-Pattern

Subsequences

[1, 2, 3] [1, 2], [2, 3], [3, 1]
[1, 2, 4] [1, 2], [2, 4], [4, 1]
[1, 3, 4] [1, 3], [3, 4], [4, 1]
[1, 4, 3] [1, 4], [4, 3], [3, 1]
[2, 3, 4] [2, 3], [3, 4], [4, 2]
[2, 4, 3] [2, 4], [4, 3], [3, 2]

Since each pattern represents a family of patterns (a pattern with length n
represents n patterns) we should consider the whole family in order to determine the
candidates of the next iteration. For example the patterns [1, 2, 3] and [2, 3, 4] can be
used to generate candidates [2, 3, 1, 4] and [2, 3, 4, 1]. Here the pattern [2, 3, 1] is
considered from the family represented by [1, 2, 3]. Among the subsequences of [2, 3,
1, 4], [1, 4, 2] does not have the required repetition support, which has been
determined at the previous iteration. Therefore, it will be discarded from the candidate
list of the next iteration.
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During the generation of the new “length n+1” candidates for the next iteration,
each new candidate should be checked if a previously generated candidate already
represents it, and if so, that candidate is discarded. Among all these large-4-cyclically
repeated-candidates, assuming they are generated in the order shown in the above
table, after removing the ones represented by previously generated candidates, we will
only have the following 6 candidates at this iteration: [1, 2, 3, 4], [1, 2, 4, 3], [3, 1, 4,
2], [4, 1, 3, 2], [3, 4, 2, 1], and [4, 3, 2, 1].

After this step, we should also remove those large-4-candidates having at least one
large-3-subsequence that does not have enough support. Each large-n-cyclically
repeated-candidate has n large-(n-1)-subsequence; some of them are obtained by
wrapping around the pattern. Again, for the subsequences we have to look for, if their
representatives have required supports (in our example the required support is 2).
Actually all of the “length n-1” subsequences (total n of them) can be obtained, each
time by deleting a different litemset from “length n” candidate, n times. The following
table shows for our example, the supports of the candidates from their subsequences:

Candidate Subseqs with Support Subseqs w/o
Support

[1, 2, 3, 4] [1, 2, 3], [2, 3, 4], [3, 4, 1], [4, 1, 2]
[1, 2, 4, 3] [1, 2, 4], [2, 4, 3], [4, 3, 1], [3, 1, 2]
[3, 1, 4, 2] [3, 1, 4], [4, 2, 3], [2, 3, 1] [1, 4, 2]
[4, 1, 3, 2] [4, 1, 3], [3, 2, 4], [2, 4, 1] [1, 3, 2]
[3, 4, 2, 1] [3, 4, 2], [1, 3, 4] [4, 2, 1], [2, 1, 3]
[4, 3, 2, 1] [4, 3, 2], [1, 4, 3] [3, 2, 1], [2, 1, 4]

Since only candidates [1, 2, 3, 4] and [1, 2, 4, 3] have all their subsequences
supported in the previous iteration, they will be the only two candidates that will be
considered in this iteration. For our example customer sequence we will get repeated
support 2 for both candidates making them as large-4-cyclically repeated-patterns.

Next, we will use the following sample database in order to explain the remaining
details of the repeated sequence phase.

Customer 1: [{1}, {1}, {3}, {1}, {3}, {2}, {4}, {2, 3}, {1}, {3, 4}]
Customer 2: [{3, 4}, {1}, {1, 2, 3, 5}, {2, 4}, {1, 2, 5}]
Customer 3: [{2} {1, 4}, {3, 4}, {2, 3}, {1}, {4}, {2, 4}, {1, 2, 3, 5}, {1}, {1, 2, 3, 4, 5}]
Customer 4: [{4}, {2, 3}, {1, 4}, {1, 2, 3, 5}, {1, 2, 4, 5}, {2, 3, 4}, {1, 2, 4, 5}, {4}]

On this database the following support values are used:
� Repetition support  = 2 (which means a pattern must be repeated at least twice

by a customer in order to be considered as supported).
� Customer support  = 3 (which means there must be at least 3 different

customers for the pattern satisfying the given repetition support).
Basically, we will use the customer support, as in the ordinary sequential pattern

mining for eliminating patterns without sufficient supports. However, in determining
the customer support, we also take repetition support of the pattern into account for
each customer. Simply when we process a customer transaction we increment the
customer support count only for the patterns that also satisfy the repetition support
constraint.
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Each one of the integers in this database represents a litemset with sufficient
customer (and therefore repetition) support. In the repeated sequence phase of our
algorithm, similar to the ordinary sequential mining techniques, maximal large
cyclically repeated patterns are determined. In order to do this, at each iteration step,
larger item sets should be generated with the required supports. In this section we will
also use the term support to represent customer supports satisfying the repetition
support conditions. Initially, these litemsets have the following supports:

Litemset Support
1 4
2 4
3 4
4 4
5 3

In the next iteration large-2-cyclically repeated-patterns satisfying the both support
conditions are determined. Note that many patterns are eliminated since they do not
have sufficient customer supports with the required repetition supports. For example
the pattern [1, 2] does not have enough repetition support for customer 1 and
customer 2 (which is just 1), although the same pattern have repetition support 3 for
the customer 3 and customer 4. Although the pattern [1, 2] has a repetition support 2
for customer 4, we actually say it has a repetition support 3, by using the repetition
support of the pattern [2, 1] which is the representative of the family pattern since it
has the highest support for the family of [1, 2] and [2, 1].

When only the representatives of the pattern families are used, we will have the
following large-2-cyclically repeated-patterns with required supports:

Large-2-cyclically
repeated-pattern

Support

[3, 1] 4
[4, 1] 3
[4, 2] 3

After all the patterns with 2 litemsets having sufficient supports are determined, in
the next step, only one cyclically repeated pattern with 3 litemsets will be determined.
That will be [3,1,4] with support 3. These iterations continue until no cyclically
repeated pattern is found for some length. In our example since there is no cyclically
repeated pattern with length 4 having required supports, the algorithm terminates after
the third iteration.

There is only a small difference in the new hash-tree-insert algorithm from the one
in [3]. In order to determine the repetition supports of the candidates we have to keep
additional information for each candidate, namely the count of the candidate and the
ending transaction number of its last occurrence in a currently processed customer
transaction.

The hash-tree search algorithm has more modifications than the one in [3], which
is used to find only sequential patterns. In the new hash-tree-search algorithm
whenever a candidate is detected in a customer sequence, its repetition support count
has to be incremented and its end transaction number of its last occurrence up to that
transaction in a customer sequence has to be recorded The modifications in the hash-
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tree search algorithm in order to count all the occurrences of the candidates are as
follows: The starting transaction number of the partially generated candidate that is
being searched is also passed as a parameter to the search algorithm. Whenever the
searched pattern is found as a candidate in the hash-tree, its last occurrence ending
transaction number is compared to the starting transaction number of the currently
being searched occurrence to determine whether the currently being searched
occurrence had started after the last occurrence had ended. Only if that is the case, the
counter of the candidate is incremented, and the ending transaction number of the
candidate is updated as the current transaction number.

4   Performance Results

We have used one of the datasets of [3] in our performance evaluations (the dataset
C10-T2.5-S4-I1.25 of [3] with 25000 customers and with customer support as %1). In
this dataset there are only a few and very short cyclically repeated patterns (with
length 2 only), and there is no cyclically repeated pattern with repetition support 4 or
5. Since there were not many cyclically repeated patterns in this dataset we have
created a new datasets from C10-T2.5-S4-I1.25 by using the first 5000 customers and
repeating its transactions several times. We present the results of one of these files
with 4 repetitions in Figure 1. We called the new dataset as C10-T2.5-S4-I1.5-4. The
rest of the parameters in these datasets have not been changed. Since the other phases
in our technique and the one in [3] are the same, in the Figures 1, we present the
evaluation times of the repeated sequence phases only after normalizing the execution
times according to repetition support 1 as 100.  The results of other test cases were
also very similar after the normalizations.

As it can be seen from this figure, there is a sharp decrease in the execution times
of the repeated sequence phase of the algorithm when the repetition support increases.
Even for the repetition support 2 there is a significant decrease in all the cases.
Although we did not obtain the results for the ordinary sequential pattern search
algorithm, it is clear that it will take more time than the cyclically repeated pattern
algorithm even with repetition support 1. In cyclically repeated pattern search
technique there are always fewer candidates than the sequential pattern search
technique, because of representing pattern families with only one pattern.

These results can be interpreted in a broad way. They do not only show the
different behaviors of the execution times of two algorithms, but in general the overall
contribution of the “cyclically repeated pattern mining” approach over “sequential
pattern mining”. Since the main reason for this improvement is due to the decrease in
the number of candidates searched, similar kind of improvement should be expected
from other kind of implementations of these techniques (i.e. by modifying other
sequential pattern mining algorithms for the cyclically repeated pattern mining).
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Fig. 1. Execution times of the repeated sequence phase, normalized according to repetition
support 1, for the dataset C10-T2.5-S4-I1.5-4 with repetition supports 1 to 5 and customer
supports 1%.

5   Conclusion

In this paper, we have presented an extension to the sequential data mining technique.
We have defined the concept of cyclically repeated pattern mining by introducing a
new support criterion. We have modified the data structures and the algorithms
presented in [3] order to discover cyclically repeated patterns. We have also
introduced the concept of the pattern families as a natural extension to the cyclically
repeated pattern mining. The popular customer transaction database is used in order to
describe the new technique.

Our performance results show that, searching for cyclically repeated patterns with
higher repetition supports significantly decrease the execution time. In most cases,
cyclically repeated pattern mining approach will discover less number of patterns than
the sequential pattern mining, because, the repetition support introduces an extra
constraint for the patterns, and also representing the family of patterns with a single
pattern reduces the possible number of patterns. This affects positively all the steps of
the mining process by decreasing the number of candidates and by reducing the sizes
of hash trees. As a result, in cyclically repeated pattern mining technique the memory
requirement is also reduced.
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Abstract. The production process in manufacturing has recently be-
come highly complex. Therefore, it is difficult to solve problems in a pro-
cess, by only using techniques that depend on the knowledge and know-
how of engineers. Knowledge discovery in databases (KDD) techniques
are supposed to assist engineers in extracting the non-trivial characteris-
tics of a production process that are beyond their knowledge and know-
how. However, the KDD process is basically a user-driven task and such
a user-driven manner is not efficient enough for use in a manufacturing
application. We developed an automated data-mining system designed
for quality control in manufacturing. It has three features; periodical-
analysis, storing the result, and extracting temporal-variances of the re-
sult. We applied it to liquid crystal display fabrication and found that
the data-mining system is useful for the rapid recovery from problems of
the production process.

1 Introduction

There is an emerging need for data-oriented knowledge discovery techniques in
many fields of industry, where techniques that are based on human knowledge
and know-how have so far been efficient enough to solve the problems encoun-
tered.

Manufacturing quality control involves monitoring the quality measures of
products. When anomalous values are observed, process engineers analyze the
data, identify the cause of the anomaly and modify the production process to
eradicate it. In the conventional analytical process, engineers hypothesize the
cause of an anomaly using the knowledge and know-how they have acquired,
and examine the data using methods such as statistical analysis.

Recently, in manufacturing, the generations of products change rapidly and
a variety of products are being developed in a short time. Also the production
process is becoming much more highly complex, especially in the field of elec-
tronic fabrication, such as semiconductors. Thus, engineers hardly have enough
time to acquire sufficient knowledge and know-how, thus making it difficult for
them to solve problems.

Data-oriented knowledge discovery techniques, such as knowledge discovery
in databases (KDD) are necessary in such situations. KDD is an iterative pro-
cess of discovery and verification of the patterns in a large amount of data[1][2].

Y. Kambayashi, W. Winiwarter, and M. Arikawa (Eds.): DaWaK 2001, LNCS 2114, pp. 93–100, 2001.
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KDD techniques are supposed to assist engineers in extracting non-trivial char-
acteristics from the data in a production process that is beyond their knowledge
and know-how, and to contribute to advanced quality control in manufacturing.
However, the KDD process is basically a user-driven task and such a user-driven
manner is not efficient enough for use in a manufacturing application. Since the
production process in a factory is usually automated and manufacturing data
is obtained continuously from the process, the data must be monitored without
interruption so that any anomaly of the process may be detected and eradi-
cated immediately. Therefore, the KDD process must run concurrent with the
production process. We have developed an automated data-mining system for
the analysis of manufacturing data. This paper presents the characteristics of
our data-mining system and reports the application of the system to the quality
control of liquid crystal display (LCD) manufacturing.

2 Data Mining for Manufacturing Data Analysis

The KDD process generally consists mainly of two steps, which are “discovery”
and “verification”. In quality control, hypothesizing the cause of problems of
a production process corresponds to the discovery step, and a detailed data
analysis corresponds to the verification step. This detailed analysis of data is
still the principal task of quality control, and the knowledge and know-how
of the engineers are required for it. Thus, it is not our intention to automate
the verification step. Our goal is to automate the discovery step of KDD. So,
we developed an automated data-mining system — data mining is a typical
class of analyzing methods used for the discovery task. The aim of our data-
mining system is to clue engineers in on finding the causes of the problems in a
production process. We discuss three characteristic functions of our data-mining
system for the analysis of manufacturing data.

2.1 Periodical Data Feeding and Mining

The manufacturing data collected in a production process are stored in the
universal databases at the factory which contain all information about the pro-
duction process. In addition, the data-mining system has its own local database
for storing the data to be mined, and the system transfers the data for mining
from the universal databases to the local database. It is necessary in the data
transfer task to determine which data should be transferred. One way to do it
easily is to have the time of the last modification included in each record in the
universal databases, and to transfer all the records which were modified after
the last execution of the transferring task. The transferred data are combined
with the data in the local database, and preprocessed in preparation for data
mining.

The data transferred to the local database are the records of the events
which occurred in the production process. A record consists of the time, the
identification number (serial number) of the product, and other information
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Fig. 2. Examples of feature vectors

which is related to the event. Fig.1 shows some examples of records of events. The
first example shows that the product having the serial number “7W26AM” was
put into the manufacturing process identified as “process 41” using the machine
whose number was “1821” at 19:42 on November 22. The last example shows that
the product having the serial number “3W13AF” was put into process “90” using
machine “2221” at 1:35 on November 23, which was an inspection process, and
the product defect “F004” was detected. Note that there are multiple records of
events corresponding to one product because multiple events occur to a product
in the production process.

In the preprocess step for data mining, the data are transformed into the form
where there is one record corresponding to one product. Each record consists of
the attributes of each product, such as the identification numbers of machines
used for manufacturing the product, the result of a fault inspection of it, and
the time spent by in each process, as shown in Fig.2. Therefore, each record is
regarded as a feature vector of a product. The feature vectors are stored in the
local database of the data-mining system.

In addition to the transformation, a “categorization” process is performed
in the preprocess step. In this process, numerical values in the feature vectors
are categorized into a few classes and replaced with symbols representing the
classes. For example, numerical values are categorized into three classes which are
“large”, “medium”, and “small”. Sometimes symbolic values in feature vectors
are also categorized. The categorized feature vectors are also stored in the local
database. Then, a set of the categorized feature vectors that have been prepared
after the last execution of data mining is retrieved from the local database and
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fed into the data-mining engine. Subsequently, the main process of data mining,
which is “rule extraction”, is put into execution.

We adopted the data-mining algorithm which we call “CHRIS” — charac-
teristic rule induction by subspace search [3][4][5]. The data to be mined by the
CHRIS algorithm is a data table that is retrieved from a relational database. We
premise that each column of the table contains discrete values and that not so
many, usually less than 50, cases of values are contained in a column. CHRIS re-
quires a user to specify one target column, one target value in the target column,
and multiple explanation columns. Then CHRIS search for the “if-then rules”
which indicate the characteristics of the data. An if-then rule is described as “if
A1 = a1 and A2 = a2 . . . then B = b”. A1, A2, . . . are some of the explanation
columns and a1, a2, . . . are the values appearing in the columns. B is the target
column and b is the target value. In principle, multiple predicates, i.e. sets of a
column and a value, are allowed to appear in both the “if” part and the “then”
part of a rule, however, we usually assume that a single predicate appears in the
“then” part and limit the number of predicates in the “if” part to two or three.

The significance of each rule is evaluated with what we call a u-measure
(utility measure). It is a product of two factors, which are the generality and
accuracy of a rule. The measure for rule “if A then B” is defined as follows. (To
simplify the notation here, we describe “A1 = a1 and A2 = a2 . . . ” as “A”, and
“B = b” as “B”.)

u = P (A)αP (B|A)log
P (B|A)
P (B)

(1)

where P (A) is the probability that the predicate A is satisfied. P (B) is that
of predicate B, and P (B|A) is the probability of the predicate B under the
condition that the predicate A is satisfied. P (A)α corresponds to the generality
and P (B|A)log[P (B|A)/P (B)] corresponds to the accuracy. Significant rules are
expected to be both general and accurate. But, generally speaking, these two
factors are mutually exclusive. Here, α is the trade-off parameter by which users
can control the relative importance between them. We usually use 0 ≤ α ≤ 1.
A larger value of α gives more importance to the generality. CHRIS searches
all possible combinations of the predicates on the explanation columns for the
rules whose u-measure values are larger than others. A list of the rules with large
u-measure values is obtained as the result of a rule extraction.

This sequence of data feeding and mining is invoked automatically without
a users’ command in accord with a predetermined schedule.

2.2 Storage and Presentation of Data-Mining Results

Our data-mining system is able to archive data-mining results. The rule lists
generated by data-mining method “CHRIS” are moved into the archives after
the data-mining execution. The result of each data mining execution is saved in a
file having its own unique name, including the date and the time of data-mining
execution, for example, and these files are placed in the predetermined storage
area.
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Our data-mining system contains the directory file of the archives. When a
data-mining result file is added in the archives, a new entry corresponding to
the file is created and inserted into the directory file. Each entry in the directory
file contains the name of the data-mining result file, and the date and time of
the data-mining task. Users can access the archives and the directory file via the
WWW system on the factory intranet. They refer to the directory file and find
the data-mining result which they need to examine.

Because data mining is executed automatically, there may be time gaps be-
tween a data-mining execution and an examination of the results by a user.
Thus, the next data-mining execution may start before the user examines the
last result. Our system presents a data-mining result that a user intends to ex-
amine at any time they need. Also, the result of the last data-mining execution
is provided on the WWW as the “last result”. Just one click on a web browser
brings the latest information to the user’s screen.

2.3 Extraction of Temporal Variance

A production process must be stable in the commercial-production phase, hence,
an irregular variance is undesirable. Even in a conventional production process,
primary values measured in the process, such as the electric current and volt-
age in a circuit, are monitored and the engineers are notified of any irregular
variances. However, the monitoring of only such primary values is not sufficient.
The temporal change of implicit causality among the primary values is supposed
to be informative for arriving at an understanding of what happens in a pro-
duction process and why the primary values show an irregular variance. Since
implicit causality is inferred from the results of data analysis, it is important to
detect the changes of analysis results as well as the changes of values in the data.
The difference between the results of two sequential data-mining executions is
supposed to indicate the temporal variance of the characteristics of the data.
Our system extracts the difference of two data-mining results and provides it for
users as well as the result of each data-mining execution.

The rules extracted by data mining are listed in order of the u-measure values
in a rule list. In temporal-variance extraction, the rank of each rule in the newer
rule lists is compared with that of the corresponding rule in the older lists, and
a change of rank is recognized as a “rise”, a “fall”, or a “stay”. The symbol
indicating the change of rank is added next to each rule in a rule list as shown
in Fig.3. The rule list is stored in the archives together with the data-mining
results. The users can refer to the time variance when they examine these results.
The process of temporal-variance extraction is executed subsequent to the data
mining.

The u-measure value of a rule represents its significance, therefore, those
rules that are higher in rank are supposed to describe the more significant char-
acteristics of the data. The rise in rank of a rule indicates that the characteris-
tic represented by the rule is becoming more significant in the data. By using
temporal-variance extraction, users are informed when there has been some vari-



98 H. Maki and Y. Teranishi

,) PDFKLQH� IRU 3URFHVV��  ������ 7+(1 )DXOW )���  �<HV�

,) PDFKLQH� IRU 3URFHVV��  ������

7LPH IRU 3URFHVV��  �PHGLXP� 7+(1 )DXOW )���  �<HV�

,) PDFKLQH� IRU 3URFHVV��  ������ 7+(1 )DXOW )���  �<HV�

,) 7LPH IRU 3URFHVV��  �VPDOO� 7+(1 )DXOW )���  �<HV�

�����

�����

�����

����� 1(:

8�PHDVXUH 5DQN5XOH

,) PDFKLQH� IRU 3URFHVV��  ������ 7+(1 )DXOW )���  �<HV�

,) PDFKLQH� IRU 3URFHVV��  ������

7LPH IRU 3URFHVV��  �PHGLXP� 7+(1 )DXOW )���  �<HV�

,) PDFKLQH� IRU 3URFHVV��  ������ 7+(1 )DXOW )���  �<HV�

,) PDFKLQH� IRU 3URFHVV��  ������ 7+(1 )DXOW )���  �<HV�

�����

�����

�����

�����

8�PHDVXUH5XOH

'DWD 0LQLQJ 5HVXOW

'DWD 0LQLQJ 5HVXOW�SUHYLRXV�

Fig. 3. A rule list

ance of the characteristics in a production process to which they need to pay
attention.

3 System Implementation

We have applied the data-mining system to LCD manufacturing. Fig.4 shows
an overview of the system architecture. Our data-mining system consists of four
modules, which are transfer, preprocess, rule extraction, and temporal-variance
extraction. These modules are invoked sequentially on the predetermined sched-
ule. The transfer module transfers the event records from the universal databases
to the local database. The preprocess module transforms and categorizes the data
in the local database to generate the data table to be mined, and stores it back
in the local database. The rule-extraction module, i.e. the data-mining engine,
retrieves the data table in the local database and extracts the rules representing
the characteristics of the data. The rules are stored in the archives, and the
directory file of the data-mining results is modified. The temporal-variance ex-
traction module takes the rule lists generated in the last and the next to last
rule extraction out of the archives, and generates a rule list that includes the
temporal-variance information. The rule list is archived and the directory file
of the data-mining results is modified, thus completing the data-mining process.
The users can access the archives through WWW system on the factory intranet
whenever they need to examine the data-mining results.

In the LCD factory, the data-mining process runs once a day at midnight and
engineers can verify the latest data-mining results in the morning. The discovery
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step of KDD is performed by the data-mining system, and once engineers find the
if-then rules that seem to indicate significant problems in the production process,
they go next onto the verification step. They retrieve the related production
process data in the universal databases and examine it in detail by means of
data analysis tools to identify the cause of the problem.

4 Experimental Evaluation

We experimentally applied the data-mining system to an LCD fabrication pro-
duction process. We used manufacturing data that was related to a fault in the
process which had occurred a few months before. The cause of the fault was a
problem in one of the machines used in a certain step of the production process.
Let XX be the code of the machine with the problem, and AA be the code of
the step where the machine XX was used. Actually, at that time, the fault rate
of the LCD panels manufactured by machine XX was higher than that of the
panels manufactured by the others in step AA. However, it had taken time for
the engineers to find this fact out because there were a lot of steps they had to
examine in the production process.

In the experiment, we used the data tables each of which contained the data
obtained in a day indicating which machine had been used in each step of the
production process and whether a fault had occurred for each LCD panel. The
data-mining system searched for the rules representing the relationship between
the occurrence of the fault and the machines used in the production process.
Some of the rules obtained in data mining told us that “if a panel was processed
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using machine XX in step AA then the fault occurs”, and they got higher in
rank in the rule lists around the days when the fault of LCD panels had occurred.

The system intimated the cause of the product fault which the engineers had
spent a lot of time searching for. Thus the data-mining system is considered
useful for the rapid recovery from a fault of the production process.

5 Conclusion

We developed an automated data-mining system designed for data analysis in
manufacturing. It has three typical features for analyzing manufacturing data.
The first is the periodical execution of data feeding and mining, which enables
automated data analysis concurrent with the production process. The second is
storage and retrieval of data-mining results through WWW system on the factory
intranet, by storing the archives of the data-mining results and providing them to
users whenever they need them. The last is the temporal-variance extraction of
data-mining result, which informs the users of the changes of implicit causality
among the values observed in the manufacturing process. We experimentally
applied the data-mining system to LCD fabrication, and tried searching for the
cause of a product fault that had occurred a few months before. We analyzed
the relationship between the occurrence of the fault and the machines used in
the production process. The data-mining system found the relationship between
the product fault and a specific machine, which the process engineers had spent
much time searching for. Thus, our data-mining system is considered useful for
the rapid recovery from a fault of the production process.

References

1. Fayyad, U., Piatetsky-Shapiro, G., Smyth, P.: Knowledge Discovery and Data Min-
ing: Towards a Unifying Framework. Proc. KDD-96, AAAI Press (1996) 82–88

2. Piatetsky-Shapiro, G., Brachman, R., Khabaza, T.: An Overview of Issues in Devel-
oping Industrial Data Mining and Knowledge Discovery Applications. Proc. KDD-96
AAAI Press (1996) 89–95

3. Maeda, A., Maki, H., Akimori, H.: Characteristic Rule Induction Algorithm for
Data Mining. Proc. PAKDD-98 (1998) 399–400

4. Ashida, H., Morita, T.: Architecture of Data Mining Server: DATAFRONT/Server.
Proc. SCM-99 IEEE (1999) 882–887

5. Maki, H., Maeda, A., Akimori, H.: Data Mining Application to LSI Fault Analysis.
Proc. ICEE-98, The Korean Institute of Electrical Engineers (1998) 417–420



FastFDs: A Heuristic-Driven, Depth-First
Algorithm for Mining Functional Dependencies

from Relation Instances
Extended Abstract

Catharine Wyss, Chris Giannella, and Edward Robertson

Computer Science Department, Indiana University, Bloomington, IN 47405, USA
{crood,cgiannel,edrbtsn}@cs.indiana.edu

Abstract. The problem of discovering functional dependencies (FDs)
from an existing relation instance has received considerable attention in
the database research community. To date, even the most efficient solu-
tions have exponential complexity in the number of attributes of the in-
stance. We develop an algorithm, FastFDs, for solving this problem based
on a depth-first, heuristic-driven (DFHD) search for finding minimal cov-
ers of hypergraphs. The technique of reducing the FD discovery problem
to the problem of finding minimal covers of hypergraphs was applied pre-
viously by Lopes et al. in the algorithm Dep-Miner. Dep-Miner employs a
levelwise search for minimal covers, whereas FastFDs uses DFHD search.
We report several tests on distinct benchmark relation instances involv-
ing Dep-Miner, FastFDs, and Tane. Our experimental results indicate
that DFHD search is more efficient than Dep-Miner’s levelwise search or
Tane’s partitioning approach for many of these benchmark instances.

1 Introduction

Functional dependencies (FDs) are a well-studied aspect of relational database
theory. Originally, the study of FDs was motivated by the fact that they could be
used to express constraints which hold on a relation schema independently of any
particular instance of the schema (for example, a business rule). More recently,
however, a new research direction for FDs has emerged: the dependency discovery
problem. Given a relation schema, R, and an instance of the schema, r, we wish
to determine all FDs which hold over r. This paper addresses this problem.

We develop an algorithm, FastFDs, for finding the canonical cover, Fr, of
the set of FDs of a given relation instance. FastFDs is based on a result in [9,
10], showing that finding Fr is equivalent to finding the minimal covers of each
of a set of hypergraphs (one for each attribute) constructed from the difference
sets of the relation instance.1 We implemented FastFDs and tested it on several
distinct classes of benchmark relation instances (§1.3).

1 These were originally introduced in [9] and termed necessary sets.
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1.1 Motivations

Two primary areas that motivate the dependency discovery problem are data
mining and data warehousing. For example, paraphrasing from [6], consider a
database of chemical compounds and their outcomes on a collection of bioas-
says. The discovery that an important property (such as carcinogenicity) of a
compound depends functionally on some structural attributes can be extremely
valuable. As another example, discovered FDs can provide valuable semantic in-
formation about data warehouses that can be used to save time in the evaluation
of OLAP queries. For a more detailed description of motivations, see [13]. As an
aside, we point out that Mannila et al. apply discovered FDs to database design
(“Design-By-Example” [7]); however, the schema and instances involved remain
small and thus most algorithms that solve the dependency discovery problem
work quite well for this application.

1.2 Related Work

The first examination of the dependency discovery problem appeared in [9] (full
version [10]), in which algorithms were presented for finding a cover for the set of
discovered dependencies. The worst case output complexity of these algorithms
is exponential in the size of the relation instance (although their behavior in
practice was not investigated in [10]). This exponential output complexity was
shown to be optimal in the sense that the number of dependencies in any cover
can be exponentially larger than the size of the relation instance.

Since [9], research has focussed on developing algorithms that behave well
in practice: [4,8,6], among others. Algorithms were developed, implemented and
performance tested on both benchmark and synthetic data. Two recent algo-
rithms are Tane [6] and Dep-Miner [8].2

Both Tane and Dep-Miner search the attribute lattice in a levelwise fashion.
FastFDs differs from Tane in that: (1) Tane is not based on the hypergraph
approach, and (2) Tane searches the attribute lattice in a levelwise fashion,
whereas FastFDs uses a depth-first, heuristic-driven (DFHD) search strategy.
FastFDs differs from Dep-Miner only in that Dep-Miner employs a levelwise
search to find hypergraph covers, whereas FastFDs uses DFHD search.

1.3 Primary Contributions

The two primary contributions of this paper are as follows.

1. We introduce the algorithm FastFDs, which uses DFHD search to compute
minimal FDs from a relation instance.

2. We report the results of several tests of the programs Dep-Miner, Tane, and
FastFDs on three distinct classes of relation instances:
a) Random integer-valued relation instances of varying correlation factors,
b) random Bernoulli relation instances, and

2 In [13] we report tests involving a third algorithm, fdep [4].
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c) existing “real-life” relation instances available online at the Machine
Learning (ML) Repository site [11].

Our experiments reveal that FastFDs is competitive for all of these rela-
tion instance classes when compared to Tane and Dep-Miner. Both FastFDs
and Dep-Miner compute difference sets using the same technique. Omitting this
computation, FastFDs is significantly faster than Dep-Miner on the three classes
of relation instances (Tables 1(b), 2, Figure 2). Thus, DFHD search appears in-
herently more efficient than the levelwise calculation of covers of difference sets.

2 The Algorithm FastFDs

In this section, we describe the algorithm FastFDs. We begin with some funda-
mental definitions and results.

2.1 Definitions and Basic Results

Let R be a relation schema and r an instance of R.

Definition 1. Let X, Y ⊆ R.

1. X → Y is a functional dependency (FD) over r iff for all tuples t1, t2 ∈ r,
t1[X] = t2[X] ⇒ t1[Y ] = t2[Y ]. We write r � X → Y .

2. X → Y is trivial iff Y ⊆ X.
3. X → Y is minimal iff (i) r � X → Y and (ii) Z ( X implies r 6�Z → Y .

Definition 2. The canonical cover for the set of FDs that hold over r is

Fr = {X → A | X ⊆ R, A ∈ R, r � X → A, A 6∈X, and X → A is minimal}.

FastFDs assumes an alternate characterization of FDs, which relies on the con-
cept of a difference set.

Definition 3. 1. For t1, t2 ∈ r, the difference set of t1 and t2 is D(t1, t2) =
{B ∈ R | t1[B] 6=t2[B]}.

2. The difference sets of r are Dr = {D(t1, t2) | t1, t2 ∈ r, D(t1, t2) 6=∅}.
3. Given A ∈ R, the difference sets of r modulo A are DA

r = {D − {A} | D ∈
Dr and A ∈ D}.

The set DA
r provides an alternate characterization of FDs over r with RHS A.

Definition 4. Let P(R) be the power set of R and X ⊆ P(R). Then X ⊆ R
covers X iff ∀ Y ∈ X , Y ∩ X 6=∅. Furthermore, X is a minimal cover for X in
case no Z ( X covers X .

Consider X ⊆ R that covers DA
r . Let D ∈ DA

r . Then X ∩ D 6=∅. Thus,
X distinguishes any two tuples that disagree on A. On the other hand, this is
exactly what it means that r � X → A. Thus, we have:
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Lemma 1. r � X → A where X ⊆ R iff X covers DA
r .

This lemma implies the main result of this section:

Theorem 1 ([9,10]). Let X ⊆ R, A ∈ R − X, and r be a relation instance
over R. X → A is a minimal functional dependency over r if and only if X is a
minimal cover of DA

r .

Theorem 1 reduces the problem of computing Fr to the problem of finding
minimal covers of DA

r for each attribute A ∈ R. In fact, any cover of DA
r =

{D ∈ DA
r | D′ ∈ DA

r and D′ ⊆ D ⇒ D′ = D} is also a cover of DA
r . Thus, we

need only retain minimal difference sets and compute minimal covers of DA
r . An

efficient method for computing DA
r is developed by Lopes et al. [8]. We employ

a simpler version of this method [13].
The idea of computing Fr by computing minimal covers of DA

r was first
identified in [9]. There, the authors note that the elements of DA

r form edges
in a hypergraph; thus, the problem of computing Fr reduces to the problem
of computing minimal covers for hypergraphs. A systematic study of complex-
ity issues of many hypergraph problems relevant to computer science is given
in [3]. A connection between a general framework for many data mining prob-
lems (including the dependency discovery problem) and the problem of finding
hypergraph covers is studied in [5].

2.2 The FastFDs Algorithm

What follows is a brief sketch of the FastFDs algorithm. For detailed pseudo-code
and a discussion of the complexity of the algorithm, see [13].

The main idea behind FastFDs is as follows. Every subset of R − {A} is a
potential candidate for a minimal cover of DA

r . Consider a search tree which
generates the subsets of R − {A} in a depth-first, left-to-right fashion. Such a
search tree is shown in figure 1(a). Each node in the tree represents a subset of
R−{A}, given by the labeling along the path from the root to that node. There
are 2|R|−1 such nodes. Note that in generating the subsets without repeats, we
have “ordered” the attributes lexically: B > C > D > E > F .

Consider an instance r over R which gives rise to the set DA
r = {BC, BD,

CF, DE}. At each node in our new search tree, we order the remaining attributes
according to how many remaining difference sets they cover. We break ties in this
ordering lexically. This search pattern is illustrated in Figure 1(b).3 At each node
in the search tree, we track the remaining difference sets and the ordering of the
remaining attributes.

The method shown in Figure 1(b) is the search strategy used by FastFDs.
Each leaf node indicates one of three base cases in our search.

1. If we arrive at a node where there are still difference sets left to cover, but
no attributes are left to unfold, fail (there are no FDs down this branch) –
see leaves 5, 7, and 8 in Figure 1(b)).

3 Attributes which do not appear in any remaining difference set are not included at
the next level.
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Fig. 1. FastFDs Example

2. If we arrive at a node where there are no difference sets left, this implies one
of two situations.
a) The FD may not be minimal; in this case, fail (leaf 1).
b) Otherwise, output the subset built along the path to the current leaf as

a left hand side (LHS) for an FD for the current attribute (leaves 2, 3,
4, and 6).

We use a simple, greedy heuristic at each node: search the attributes that
cover the most remaining difference sets first. This heuristic works well in practice
(see §3), but can be fooled into performing excess work. For example, in Figure
1(b) (leaf 1), the FD BCD → A is not minimal, since CD → A is also an FD
(leaf 6). In this case, it is the way we break ties (lexically) that causes the extra
branch; in general, the excess work is not straightforward to characterize.

One of the main advantages of FastFDs over its levelwise-search counterparts,
Dep-Miner and Tane, is that the space complexity of FastFDs is limited to
O(|Dr|·|R|) space. The levelwise approaches of Tane and Dep-Miner consume an
amount of space directly proportional to the largest set of candidates generated
in the levelwise search, smax. Thus, FastFDs is significantly faster than the
levelwise approach for large |R|, since the size of smax can be exponential in |R|.
This trend is especially manifested in the case of Bernoulli relation instances
where the average length of FDs is predicted to be |R|/2 or larger.
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3 Experimental Results

FastFDs has been implemented in C++. The program has been tested on a
700MHz Athlon system with 128MB RAM, running Red Hat Linux 6.1.4 We
have also implemented our own version of Dep-Miner, which uses the same code
as FastFDs for reading input relations and calculating DA

r . Our versions of both
Dep-Miner and FastFDs run entirely in main memory. The version of Tane we
use is available on the web [12].5

3.1 Integer-Valued Relation Instances

Our first set of experiments involved randomly-generated integer relation in-
stances. Table 1 (below) illustrates the performance of Tane, Dep-Miner and
FastFDs on such instances. Part (a) represents experiments involving all three
algorithms with |R| fixed at 20. Part (b) represents experiments between Dep-
Miner and FastFDs in which the computation for generating the difference sets
from r (genDiffSets) is not counted; |r| is fixed at 10,000 in table 1(b). Each
relation instance is generated according to a correlation factor (CF), as in [8].
The higher the CF, the fewer distinct values appear in each instance column.6

Table 1. Results on Random Integer-Valued Relation Instances

Table 1(a)
Time (seconds)Instance

CF = 0.0 CF = 0.5 CF = 0.9
|r| Dep/Fast† Tane‡ Dep/Fast† Tane‡ Dep/Fast† Tane‡

50,000 5 13 6 10 6 7
100,000 12 38 13 27 13 17
150,000 19 78 21 50 19 29
200,000 25 133 29 78 26 41
250,000 33 207 37 115 33 57
300,000 40 478 46 360 41 158
350,000 48 ◦ 69 476 54 196
†Dep-Miner and FastFDs took the same amount of time (±0.01s).
‡Tane/mem took approximately the same amount of time as Tane (±1s).
◦ indicates Tane took longer than 2 hours and was aborted.

Table 1(b)
Time (seconds) with genDiffSets ommitted and |r| = 10, 000Instance
CF=0.0 CF = 0.5 CF = 0.9

|R| FastFDs Dep-Miner FastFDs Dep-Miner FastFDs Dep-Miner
10 0∗ 0∗ 0∗ 0∗ 0∗ 0∗

20 0∗ 0.1 0.1 0.2 0.1 0.2
30 0.2 0.3 0.8 1.6 1.0 2.1
40 0.6 1.2 3.7 9.5 5.5 11.0
50 2.3 3.8 14.3 27.5 20.8 48.0
60 5.6 8.6 41.6 81.2 64.7 134.4

∗Less than 0.1s.

4 The source code for FastFDs is available from the authors upon request.
5 We also indicate the performance of Tane/mem in the following tests.
6 The range of distinct values for each attribute is (1 − CF ) ∗ num tuples.
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The results in Table 1(a) are in line with those reported in [8]. One interesting
fact revealed by our tests is that less than 0.1% of the computation time for
Dep-Miner and FastFDs is spent searching for FDs and over 99.9% is spent
generating difference sets (genDiffSets). We see from Table 1(a) that Dep-Miner
and FastFDs are 2-3 times faster than Tane for CFs from 0.0-0.9.

Table 1(b) illustrates the relative performance of FastFDs and Dep-Miner
as |R| varies from 10 to 60. Note that as the CF increases, FastFDs becomes
progressively more efficient than Dep-Miner. As we will see in the next sections
(§3.2, §3.3), random integer-valued relation instances with low CFs do not appear
to be good predictors of performance on real-life instances such as those from
the ML repository. Bernoulli instances appear notably better in this regard.

3.2 Bernoulli Relation Instances

Our second set of experiments involved randomly generated Bernoulli (i.e. two-
valued) relation instances. Such relation instances are an interesting testbed for
programs finding minimal FDs. Whereas random integer-valued instances seem
amenable to the search methods of FastFDs, Dep-Miner and Tane, there tend
to be few minimal FDs. This is not the case in Bernoulli instances. The average
length of minimal FDs in random Bernoulli instances has been investigated and
is straightforward to quantify [2]. The expected average length of minimal FDs
is |R|/2 when |r| = 2|R|/4. This length represents the maximal possible number
of subsets at any one level in the power set lattice of R. In practice, the number
of minimal FDs returned when |r| = 2|R|/4 increases exponentially with |R|.

Since the case of minimal FDs of size |R|/2 involves relatively small-sized
relation instances for |R| < 30, the impact of the O(|R||r|2) difference set calcu-
lation is minimized for Dep-Miner and FastFDs. Whereas in the random integer-
valued instances in §3.1 less than 0.1% of the computation time of Dep-Miner
and FastFDs is spent searching for FDs, in random Bernoulli instances where
|r| = 2|R|/4, over 99% of the time is spent searching for FDs (as opposed to
computing difference sets).

Another reason this particular case is interesting is that, since there are so
many subsets of size |R|/2, levelwise algorithms require exponential space to
store the candidate sets at intermediate levels near to |R|/2. Thus, this test

Relation Instance Time (seconds)
|R| |r| = 2|R|/4 |F| FastFDs Tane† Dep-Miner
20 32 7.6 × 104 2 5 195
21 38 1.4 × 105 5 15 601
22 45 2.6 × 105 11 36 1893
23 54 5.4 × 105 28 84 5169
24 64 1.0 × 106 69 392 14547
25 76 2.0 × 106 171 • 38492
26 91 3.9 × 106 428 • •
27 108 7.4 × 106 1081 • •
28 128 1.6 × 107 3167 • •
†Tane/mem exhibited similar results.
• indicates program ran out of memory.

Fig. 2. Results on Bernoulli instances; |r| =
2|R|/4

case allows us to see the impact
of the exponential space usage of
the levelwise algorithms, versus the
O(|R||r|2) space usage of FastFDs.

Table 2 (left) illustrates the rel-
ative performance of Tane, Dep-
Miner and FastFDs for the case of
Bernoulli relation instances, where
|r| = 2|R|/4 and |R| ranges from 20
to 28.
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The number of FDs is increasing exponentially with |R|; thus it is not sur-
prising that execution time does as well. However, here we can see the impact of
the exponential space usage on Tane and Dep-Miner. For |R| ≥ 25, execution
of Tane was aborted after it ran out of memory.

The results for Dep-Miner are similar. Although Dep-Miner’s space usage
seems slightly better than Tane’s, Dep-Miner’s performance is over two orders
of magnitude worse than FastFDs. In contrast, FastFDs was never in danger
of running out of memory.7 This is crucial, both because memory is a scarcer
resource than CPU cycles, and because the CPU cycles are utilized much more
efficiently when swapping is avoided.

3.3 Machine Learning Repository Relation Instances

Our third set of experiments involved non-synthetic relation instances extracted
from the Machine Learning (ML) repository, online [11]. Table 2 (below) illus-
trates the performance of Tane, Dep-Miner and FastFDs on 9 ML repository
instances.8

Table 2. Results on ML Repository Instances

ML Instance Time (seconds)
Name |R| |r| |F| FastFDs Tane Tane/mem Dep-Miner
Chess 7 28,056 1 160 1 0† 160
Flare 13 1389 0 5 11 1 5
Adult 15 48,842 66 7269 1722 • 7269
Credit 16 690 1099 2 1 0† 6
Letter Recognition 17 20,000 61 1577 2487 • 1645
Lymphography 19 148 2730 4 41 9 91
Hepatitis 20 155 8250 3 13 5 212
Automobile 26 205 4176 1 179 81 ◦
Horse Colic 28 300 128,726 123 • • •
† indicates program took less than 0.01 seconds to complete.
◦ indicates execution time exceeded 3 hours and was aborted.
• indicates program ran out of memory.

First, compare the running times of FastFDs and Dep-Miner. FastFDs meets
or exceeds Dep-Miner’s performance in all cases. As |R| becomes larger, FastFDs
becomes increasingly faster than Dep-Miner.

Now compare the running times of FastFDs and Tane. Here, the comparison
is not as straightforward. For large |r|, note the lengthy times of FastFDs. This
is due to the |r|2 difference set calculation. On the other hand, as |R| grows,
Tane experiences serious difficulties due to excessive memory consumption. For
7 Memory usage remained below 0.5MB for all |R| shown.
8 These tests were run on preprocessed, purely integer-valued versions of the ML

relations, as in Tane. In addition, the three algorithms were tested on the following
instances and each returned in less than 0.1 second: Liver, Abalone, Pima, Tic-Tac-
Toe, Wisconsin Breast Cancer, Echocardiagram and Housing.
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the Horse-Colic database (|R| = 28), FastFDs finds the minimal FDs quickly;
Tane runs out of memory. The best method for finding minimal FDs in real-life
situations might involve a tradeoff between Tane (for small |R| and large |r|)
and FastFDs (small |r| or larger |R|).

4 Conclusions and Further Directions

We have presented a novel search method, FastFDs, for computing minimal FDs
from difference sets using DFHD search. Our experimental results (§3) indicate
that FastFDs is competitive for each of the following classes of benchmark re-
lation instances: (1) random integer-valued instances of varying correlation fac-
tors, (2) random Bernoulli instances, and (3) real-life ML Repository instances.
In fact, our experiments indicate that for |R| ≥ 17, FastFDs is significantly faster
for all classes, due to the inherent space efficiency of DFHD search. For |R| < 17,
a better choice may be the Tane algorithm for class (3) instances.

It is interesting that the heuristic-based, depth-first search methods common
in solutions to Artificial Intelligence (AI) problems are usually eschewed by the
data mining community, because they have a tendency not to scale up to the
massive amounts of data the data mining programs must be run on. However, our
experiments show that for the case of computing minimal covers of DA

r , in fact
the DFHD search strategy fares significantly better than the canonical levelwise
approach. In fact, for the case of Bernoulli databases, when the FDs computed
are of average length ≥ |R|/2, the heuristic-driven approach is astoundingly
more efficient (§3.2).

The space efficiency of FastFDs makes it a natural algorithm for paralleliza-
tion. One obvious multi-threaded version of FastFDs would involve delegating
the search for FDs with RHS A to distinct processors for distinct attributes A.

The performance of FastFDs depends crucially on the simple, greedy heuris-
tic we have chosen for computing minimal hypergraph covers. Our heuristic
works for finding minimal covers for general hypergraphs; however, not every
hypergraph can be realized from a relation instance. Additional constraints are
implied by the relation instance which are not reflected in the current heuristic.
Further study of these constraints with the aim of designing better heuristics
seems an interesting path to pursue.

Another useful direction for further study (pointed out in [9]) is to consider
the incremental dependency inference problem: given, r, the canonical cover
of the set of dependencies Fr, and a tuple t, find the canonical cover of r ∪ {t}
(r−{t}). To the best of our knowledge, this problem has not yet been addressed,
and seems reasonably challenging.

Finally, it seems reasonable that most applications of the dependency infer-
ence problem do not require all dependencies but only the “interesting” ones.
For example, dependencies with small left-hand sides are likely to be more use-
ful that ones with large left-hand sides. Characterizing the interestingness of
dependencies and tailoring algorithms to finding these dependencies is a good
direction for future work.
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Abstract. Recent research has proved the benefits of using ensembles of classi-
fiers for classification problems. Ensembles constructed by machine learning
methods manipulating the training set are used to create diverse sets of accurate
classifiers. Different feature selection techniques based on applying different
heuristics for generating base classifiers can be adjusted to specific domain
characteristics. In this paper we consider and experiment with the contextual
feature merit measure as a feature selection heuristic. We use the diversity of an
ensemble as evaluation function in our new algorithm with a refinement cycle.
We have evaluated our algorithm on seven data sets from UCI. The experimen-
tal results show that for all these data sets ensemble feature selection based on
the contextual merit and suitable starting amount of features produces an en-
semble which with weighted voting never produces smaller accuracy than C4.5
alone with all the features.

1   Introduction

Many methods for constructing ensembles have been developed. Some of them are
general methods while the others are specific to particular learning algorithms.
Amongst successful general techniques are sampling methods that manipulate the
training set, and methods that manipulate the output targets. The common approach is
to use some heuristics to manipulate the training sets before construction of the base
classifiers of an ensemble. Researchers in this area have developed and evaluated
different criteria for ensemble goodness [5, 14, 19]. Generally, those criteria are de-
fined in terms of diversity and accuracy. Many methods attempt to satisfy the criteria
with a thoroughly selected heuristic for the construction of base classifiers. However,
the goodness of an ensemble depends also on the integration method applied with the
ensemble and thus feedback about the goodness of an ensemble may be taken benefit
of during the base classifier construction process.

In this paper we propose one wrapper approach -based ensemble creation method
that refines the goodness of an ensemble iteratively. A feature selection heuristic is
used to manipulate the subsets of features of the training set used to construct individ-
ual base classifiers. The refinement cycle helps to fit the feature selection heuristic to
the particular learning algorithm and data set used.  We use the contextual feature
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merit (CM) measure [1] and the diversity of an ensemble as the evaluation function in
our new algorithm. The integration method applied is weighted voting.

In Section 2 the base framework of an ensemble classification is considered. Sec-
tion 3 describes the contextual merit measure as a criterion for ensemble feature se-
lection and the algorithm realizing the wrapper approach for ensemble feature selec-
tion. In Section 4 our experimental study on several data sets is described. We summa-
rize with conclusions in Section 5.

2   Ensemble Classification

In supervised learning, a learning algorithm is given training instances of the form
{(x1, y1), …, (xM, yM)} for some unknown function y = f(x), where xi values are vectors
of the form 〈xi,1, …, xi,j〉, where xi,j are feature values of xi, and M is the size of the
training set T. In this paper we will refer to features as fj, j = 1…N, where N is the
number of features. Given a set of training instances T, a learning algorithm produces
a classifier. The classifier is a hypothesis about the true function f.  Given new x val-
ues, it predicts the corresponding y values. We will denote base classifiers by h1, …,
hS, where S is the size of ensemble. An ensemble of classifiers is a set of classifiers
whose individual decisions are combined to classify new instances. Research has
shown that an effective ensemble should consist of a set of base classifiers that not
only have high accuracy, but also make their errors on different parts of the input
space [5].

Classification process includes two phases: (1) learning phase, and (2) application
phase. During the learning phase, the set of base classifiers is generated in some way.
Each base classifier in the ensemble (classifiers h1 … hS) is trained using training in-
stances of the subsets Ti = (1…S) obtained after partitioning the initial training set T.
The results of the base classifiers are combined in some way h* = F(h1, h2, …, hS) to
produce the final classification. At the application phase, a new instance (x, y) is given
with the unknown value y to be classified by the ensemble. As a result, the class value
y* is then predicted as y* = h*(x).

Combining classifications of several classifiers can be useful only if there is dis-
agreement among the base classifiers, i.e. they are independent in the production of
their errors [5]. The error rate of each base classifier should not exceed a certain limit.
Otherwise, the ensemble error rate will usually increase as a result of combination of
their classifications, as in the case of weighted voting [5]. One commonly used meas-
ure of independence of the base classifiers is the diversity of an ensemble [17].

In the framework of ensemble classification, there are two major issues: (1) the
learning algorithm by which the base classifiers are generated, and (2) the algorithm
by which the classifications are combined. A comprehensive review of the generation
and combination algorithms is given in [5]. Algorithms for generating ensembles in-
clude sampling techniques, techniques that manipulate the input features, and tech-
niques that manipulate the output targets, amongst others. In this paper we concentrate
on manipulating the subsets of features of the training set. We will use the term en-
semble feature selection for the task of varying the feature subsets used by each base
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classifier of an ensemble to promote diversity. The ensemble feature selection concept
was first introduced in [13].

One commonly used algorithm for combining classifications is weighted voting.
This algorithm is based on the voting principle, when each classifier gives some
“vote” for assigning a particular class value to the input instance. The class value with
the most votes is selected. In the case of weighted voting, the votes are weighted,
usually by estimated accuracies of the base classifiers. Many researchers have demon-
strated effectiveness of this combining algorithm and its modifications [2, 4, 6, 15].

3   Wrapper for Ensemble Based on Contextual Features

In this section we consider our wrapper approach based technique to construct a di-
verse ensemble of classifiers using the CM measure [1, 7]. First we describe the en-
semble construction and then introduce the enhanced Contextual Ensemble Feature
Selection algorithm (CEFS), which implements our approach.

Ensemble construction process is performed during the learning phase and it in-
cludes the base classifiers learning using the training set. The general process of the
base classifier generation can be described as it is shown in Figure 1.

First, an empty ensemble is set (block 1), then a heuristic is defined (block 2) for
the classifier generation (block 3). The input for the classifier generation is a modified
training set Ti including a sample of the training instances and set of features. With
this input a new classifier is generated (block 4) and evaluated (block 5). Subsequent
modification of the ensemble (block 6) includes addition and/or deletion of some clas-
sifier from/to the ensemble. In blocks 7 and 8, some ensemble characteristics are esti-
mated and they are used for stopping criterion evaluation. Block 9 is a decision block
that can alter the process of next classifier generation (dashed arrow to the block 3),
modify the heuristic rule (block 10), or stop the process with the final ensemble of
base classifiers (block 11).

Real construction techniques do not necessarily include all these components. There
exist three major ways to generate base classifiers.  The first one is to generate a set of
base classifiers without their evaluation according to a given heuristic, as in bagging
[3]. In this case blocks 5, 7, and 10 with the corresponding output are not in use. The
second approach changes the rule of generation each time when a new classifier is
added to the ensemble, as in Boosting [20]. In this case blocks 5 and 7 are not present.
In these two cases the stopping criterion is defined as the cycle counter. The third
approach uses the cycle for the ensemble refinement with the stopping criterion, as
with neural network classifiers in [13]. The latter way is particularly interesting be-
cause feature selection with a heuristic rule can be used in different ways to guide the
generation of a good ensemble. The techniques, in which some ensemble characteris-
tics are used for the new classifier evaluation, are called wrapper techniques and are
considered for example in [8, 9, 10].

Now we present the outline of our enhanced algorithm called CEFS (Contextual
Ensemble Feature Selection). Preliminary version of this algorithm was presented in
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[21]. CEFS constructs base classifiers (one for each class) for a training set over se-
lected feature subsets that are formed using the CM value.
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Fig. 1. The scheme of base classifiers’ generation. Block symbols represent the basic process
components, and small letters associated with arrows denote the input/output data for each
component. Small letters near the arrows denote the following: a – training set T, b – heuristic
rule, c – inputs for the classifier generation, d – classifier, e – fitness value for classifier, f –
current set of classifiers in the ensemble, g – control ensemble characteristics, h – control value
for the stopping criterion, i – parameters for the heuristic rule.

The objective is to construct an ensemble of classifiers so that each classifier is as
accurate as possible for one class with respect to the other classes. Each base classifier
of the ensemble is based on a fixed number of features with the highest CM value.
First, the initial ensemble is constructed on the same fixed number of features for all
the classifiers of the ensemble. Then, the ensemble is iteratively modified trying to
change the fixed number of features suggesting exclusions or inclusions of some fea-
tures. This is guided by the diversity of classifiers and the CM value.

The diversity of an ensemble is suggested as a measure of independence of the base
classifiers [17]. We modify the formula to be able to calculate the diversity Divi of a
classifier i which can be approximated using the formula (1):
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where ⏐S⏐ denotes the number of the base classifiers, hi(xj) denotes the classification
of the instance xj by the classifier hi, and Dif(a,b) is zero if the classifications a and b
are the same and one if they are different, and M is the number of instances in the test
set.

We use the CM measure as it has been presented in [7] and described below.  Let

the difference )( if
rsd between the values of a categorical feature fi for the instances r and

s be 0, if the values are same and 1, otherwise. Between the values of a continuous
feature fi the difference is correspondingly calculated by

( ) ( )( )1,min)(
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f

rs tsfrfd −= , where fi(x) is the value of the feature fi in the instance
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t  is a threshold. In this paper it is selected to be one-half of the range of the

values of the feature fi.
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where M is the number of instances, ( )rC  is the set of instances not from the same

class as the instance r, and )( if
rsw is a weight chosen so that instances that are close to

each other, i.e., that differ only in a few features, have greater influence in determin-

ing each feature’s CM measure value. In [10] weights )( if
rsw = 1/D2

rs were used when s

is one of the k nearest neighbors of r, in terms of Drs, in the set ( )rC , and w (fi)

rs = 0

otherwise. The number of nearest neighbors k used in [7] was the binary logarithm of

the number of examples in the set ( )rC .

In this paper we calculate the values of the CM measure for different classes and
call them FMERITS in the algorithm. Thus, in the external loop of the formula (2)
instead of all M instances of the set, only instances of a particular class are considered.
This gives us a possibility to define importance of features for distinguishing one class
from the others, and to build an ensemble of classifiers based on features important for
some class in multi-class problems.

Our algorithm is composed of two main phases: 1) the construction of the initial en-
semble and 2) the iterative development of new candidate ensembles. The main out-
line of our algorithm is presented in Figure 2.

In the CEFS algorithm ensembles are generated in two places, the initial ensemble
is generated using a different procedure than the generation of the candidate ensem-
bles that is included in the procedure cycle. In the generation of the initial ensemble
we use the approach presented in [21] that is an adjusted version of the approach in
[16]. The iteration mechanism used in this paper changes one base classifier in each
iteration. The base classifier with the smallest diversity is tried to be changed. When
the classifier to be changed has been selected, one feature is tried to be added or de-
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leted from the subset of features that was used to train the classifier. The feature is
selected using the value of the CM measure.

4 Experiments

In this Section, experiments with our algorithm for generation of an ensemble of clas-
sifiers built on different feature subsets are presented. First, the experimental setting is
described, and then, results of the experiments are presented. The experiments are
conducted on seven data sets taken from the UCI machine learning repository [12].
The main characteristics of the seven data sets are presented in Table 1. The table
includes the name of the data set, the number of instances included in the data set, the
number of different classes of instances, and the numbers of different kind of features
included in the instances.

Algorithm CEFS(DS)

DS the whole data set
TS training set
VS validation set used during the refinement cycle
TS final evaluation set
Ccurr the current ensemble of base classifiers
accu the accuracy of the current ensemble
FS set of feature subsets for the base classifiers
FMERITS set of CM feature merits for each class

begin
divide_instances(DS,TS,VS,TS) {divides DS into TS,
VS, and TS using stratified random sampling}
Ccurr=build_initial_ensemble(TS,FS,FMERITS)
accu=accuracy(VS,Ccurr) {calculates the accuracy of
the current ensemble over the test set}
loop

cycle(TS,Ccurr,FS,FMERITS,accu){developes candi
date ensembles and updates accu, Ccurr, and FS
when the current ensemble is changed}

until no_changes
accu=accuracy(TS,Ccurr)

end algorithm CEFS
_______________________________________________________

Fig. 2. Outline of the CEFS algorithm

For each data set 30 test runs are made. Each time 60 percent of the instances are
picked up to the training set and the rest of the instances of the data set are divided
into two approximately equal sets (VS and TS). The first set, VS is used to calculate
the initial accuracies and for tuning the ensemble of classifiers, adjusting the initial
feature subsets so that the ensemble accuracy becomes as high as possible using the
selected heuristics. The other set, TS is used for the final estimation of the accuracy.
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Table 1. Data sets used in the experiments

Features

Data set Instances Classes Discrete Continuous

Car 1728 4 0 5

Glass 214 6 0 9

Iris 150 3 0 4

Lymphography 148 4 15 3

Thyroid 215 3 0 5

Vehicle 846 4 0 18

Zoo 101 7 16 0

The use of single test set only would give optimistically biased estimation of the en-
semble accuracy, as can be seen also from the experiments. At each run of the refine-
ment cycle, besides the classification accuracies of the base classifiers and the ensem-
ble, we collect the numbers of features being deleted and added during the cycles.

The base classifiers themselves are learnt using the C4.5 decision tree algorithm
with pruning [18]. The test environment was implemented within the MLC++ frame-
work (the machine learning library in C++) [11].

We first made test runs with different initial amounts of features for the seven data
sets.  The number of features was fixed by using CM values related threshold value.
First, the features are ordered in descending order according to their CM values and
the threshold value is used as portion of the interval between the lowest and highest
CM value. The average selected amounts of the features for the threshold value 0.9
were actually between 62% and 87% of all the features of the data sets and for the
threshold value 0.1 correspondingly between 9% and 34%. The actual amounts of
features for each best initial ensemble were (the threshold value in parenthesis): Lym-
phography 36% (0.5), Vehicle 69% (0.9), Thyroid 62% (0.7), Zoo 63% (0.9), Car 84%
(0.9), Iris 38% (0.3), and Glass 51% (0.5). The accuracy values for the best initial
ensembles are included in Figure 3 as initacc values. As can be seen the accuracies of
the initial ensembles are higher than the accuracies achieved using C4.5 with all fea-
tures for Lymphography, Thyroid, Iris, and Glass data sets and lower for Vehicle, Zoo,
and Car data sets.

These results also support the finding that in some cases ensembles of classifiers
built on different feature subsets are useful. Because we used the CM values to select
the features, the above results may help us in organizing experiments with the refine-
ment cycle. The amount of features in the optimal situation may be different from the
above results if the CM value is biased so that it suggests including features in a wrong
order. Anyway we use these best initial ensembles in our GEFS algorithm as the initial
ensembles.

The results of test runs with refinement cycle for the seven data sets are also pre-
sented in Figure 3. The accuracies of the last ensembles at the end of iteration are
presented as finalacc values. The number of the base classifiers is kept fixed being
equal to the amount of classes in the data set. As can be seen, for all data sets the accu-
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racy of the last ensemble is higher than with the first ensemble, except Thyroid data
 set. For the data sets Iris and Thyroid the change in the accuracy remained very small.

It is also seen that the accuracies of the final ensembles with weighted voting (wv)
are always higher than the accuracies achieved using C4.5 (C4.5) for the test set TS.
This shows that the refinement cycle with the CM and diversity values used in the
algorithm are able to raise the accuracies with these data sets.
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Fig. 3. Accuracies of the ensembles before (initacc) and after (finalacc) the refinement cycle for
VS instances and for WV and C4.5 for TS instances

The average numbers of features in the initial and final ensembles are presented in
Figure 4. Also the total number of the features in each data set is included in Figure 4.
As can be seen with most data sets the refinement adds some features. As supposed
only subset of features are used and still the ensemble accuracies are higher. The per-
centages of features included in the final ensemble are: Lymphography 47%, Vehicle
70%, Thyroid 61%, Zoo 46%, Car 85%, Iris 68%, and Glass 48%.

5   Conclusions

Ensembles of classifiers can be constructed by a number of methods manipulating the
training set with the purpose of creating a set of diverse and accurate base classifiers.
In this paper, we have proposed an approach that builds an ensemble of classifiers on
different feature subsets. Each base classifier in the ensemble is built on features with
the highest Contextual Merits to distinguish one class from the others. We also pro-
posed the refinement of ensembles. Our refinement cycle is defined in terms of wrap-
per approach where the diversity and classification accuracy of the ensemble serve as
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an evaluation function and a stopping criterion accordingly. In each cycle of the en-
semble refinement procedure we try to change the feature subset of the base classifier
with minimum diversity value to raise the ensemble diversity and thus classification
accuracy.
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Fig. 4. Number of features in the data set (all), average number of features in the initial (init-
feat.) and final ensemble (finalfeat.)

We have evaluated our approach on a number of data sets from the UCI machine
learning repository. The experimental results supported the finding that in some cases
ensembles of classifiers built on different feature subsets are better than single classi-
fiers built on the whole feature set.

Estimation of the particular domain characteristics, which will determine appropri-
ateness of the CM measure as a heuristic rule for feature selection in ensembles, is an
important question for further research. Improvement of the ensemble refinement
cycle is also an interesting topic for future research.
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Abstract. We propose a clustering algorithm, OAK, targeted to trans- 
action data as typified by market basket data, web documents, and cat- 
egorical data. OAK is interactive, incremental, and scalable. Use of a 
dendrogram facilitates the dynamic modification of the number of clus- 
ters. In addition, a condensation technique ensures that the dendrogram 
(regardless of database size) can be memory resident. A performance 
study shows that the quality of clusters is comparable to ROCK[7] with 
reduced complexity. 

1 Introduction 

Clustering is one of the major data mining problems [Ill .  Its objective is to  clas- 
sify data from a given dataset into groups such that the items within a group 
are more similar to  each other than to those outside the group. Traditional clus- 
tering techniques target small databases and are performed in batch algorithms. 
A user provides the dataset and may indicate the number of desired clusters, 
and the algorithm presents the results to  the user. Recent research has examined 
the need for on- l ine ( in teract ive)  data mining algorithms [lo]. The purpose of 
on-line algorithms are to  provide continuous feedback to  the user and to  allow 
the whole process to  be controllable by the user. (We prefer the term interactive 
as on-line connotes some sort of real time processing.) 

In this paper we propose a new clustering algorithm, OAK, targeted to the 
domain of transaction data. The most common example of transaction data is 
market basket data. Associated with each purchase is a cash register receipt that 
lists the data purchased. Each of these is called a transaction and it contains 
a subset of the total set of items which could be purchased. Transaction data 
actually occurs in many different application domains. In Information Retrieval, 
a document can be summarized by a set of keywords associated with it. Thus 
Web search engines could represent documents (and even user queries) as types 
of transactions. Categorical data can be viewed as a special type of transaction 
data, [7], where each record containing categorical data is a transaction. It is 
shown in [7] that the use of traditional distance measures, such as Euclidean, 
may not work well with categorical data. 
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Some transaction data, for example, the results of a web search engine, may 
not be provided all at  once t o  the clustering algorithm since the data are com- 
ing continuously and possibly slowly through the network. Showing the current 
clusters dynamically as the data comes and the algorithm runs, will help bridge 
the network gap and give the user a rough idea about what the final clusters 
would be like. This could also allow the user to  adjust the number of clusters. 
To support this type of processing, then, the following are desirable features for 
any effective transact ion data clustering algorithm: 

1. Transaction Data - The algorithm should be targeted t o  efficiently cluster 
transaction data. Techniques designed for numeric data may not perform 
effectively with transaction data. 

2. Incremental - The cluster should be performed in an incremental mode as 
the data is available. The entire database may not be available at one time. 

3. Interactive - As the data is being clustered, the user should be provided 
feedback about the status of the clustering process. This on-line feature 
allows the user to  change any input parameters desired, such as the number 
of clusters, k. When the data is not known apriori, choosing an appropriate 
value of k may be difficult. 

4. Scalability - The size of the transaction database may be quite large. Any 
algorithm should be able to  function even with limited main memory. 

The remainder of the paper is outlined as follows: Section 2 reviews related 
work. Section 3 sketches the algorithm and highlights it major features. The two 
kinds of user interactions are described in Section 4. The adaptability to  large 
databases and data input order is described in Section 5 .  Section 6 reports on 
the experimental results, and Section 7 concludes the paper. 

2 Related Work 

Conventional clustering algorithms can be classified into partitional clustering 
and hierarchical clustering[ll]. With hierarchical approaches a nested set of clus- 
ters is created, while with partitional only one is. Hierarchical agglomerative 
algorithms create the clusters in a bottom up fashion starting with each point 
in its own cluster and then successively merging clusters until either the desired 
number of clusters is obtained or only one cluster exists. A tree or dendrogram is 
used t o  show the structure of the clusters. Agglomerative hierarchical clustering 
algorithms differ in the similarity/distance measures used to  merge clusters. 

Many clustering algorithms for large databases have recently been proposed 
[17,1,3,7,6]. Among them, BIRCH[17] and ScaleKM[3] compress the large database 
into subclusters, ROCK [7] uses sampling and labeling techniques. CLIQUE[l] 
proposes t o  find clusters embedded in subspaces of high dimensional data. 

There have also been several clustering algorithms targeted to  categorical 
data. ROCK proposes a novel similarity measure between points based on the 
number of common neighbors, called links [7]. CACTUS[6] introduces a for- 
malization of clusters for categorical attributes and finds clusters using inter- 
attribute and intra-attribute summaries. 
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Clustering of market basket data was examined in [B]. In this case a weighted 
hypergraph is created from large itemset s needed to generate association rules, 
and clustering is accomplished via a hypergraph partitioning algorithm. It has 
been pointed out that this approach can lead to poor clustering results [7]. The 
assignment of a transaction, ti, to  a cluster, Cj, can be determined using a 
similarity measure of it"cjl 

l c j l  . 
Recently clustering has been applied to  the retrieval results of Web search 

engines [9,16]. Scatter/Gat her [9] applies clustering to  the entire document col- 
lection and allows interactive browsing of the clusters. STC [I61 uses a suffix tree 
to identify sets of documents that share common phrases. 

3 Overview of OAK 

In this section we provide an overview of our new clustering algorithm. A more 
detailed discussion is available [15]. Our proposed algorithm, OAK(0nline Adap- 
tive Klustering), does satisfy t he desirable properties identified in Section 1. The 
Cosine Similarity1 measure used in Information Retrieval[l3] is adopted to mea- 
sure the similarity between transactions. An agglomerative hierarchical cluster- 
ing algorithm is used and a dendrogram is maintained which facilitates the user 
dynamically changing the number of desired clusters. Any such algorithm can 
be used as long as the clustering is incremental. Scalability and limited main 
memory are handled by providing a method to condense the dendrogram. 

The dendrogram which is created by OAK actually may not have one leaf 
node per point. Instead a maximum number of representatives are used as the 
leaf nodes. Here a representative represents an individual point or a set of similar 
points(subc1uster). If the database is small there may be one representative per 
point to be clustered (as with a conventional dendrogram). For larger databases, 
each representative would take the place of several points. While the hierarchical 
clustering occurs, if main memory is determined to be insufficient to store the 
complete dendrogram, part of it will be condensed into a new representative leaf. 
This dynamic condensation approach, then, ensures that the dendrogram will fit 
into main memory regardless of the memory size. 

The algorithm is shown in Algorithm 1. The overall time complexity is 
O(MN),  where M is the number of representatives and N is the number of 
data points in the database. The updating of the dendrogram with inclusion 
of each new point requires 0(M)[14]. The updating of cluster profiles and the 
condensation also have 0 ( M )  time complexity for each new point, which are 
described in the following sections. We use SLINK[14] to  incrementally update 
the dendrogram in the paper, but any increment a1 agglomerative hierarchical 
algorithm such as CLINK[5] could be used. 

Algorithm 1 OAK 

<Pi ,Pj > 
C O S ( P ~ , P ~  = ~ l ~ ~ l l l l ~ ~ l l  , where " <, > " denotes inner product, and " 1  I . I  1" denotes 
vector norm 
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Input: 
tl , tz,  . . . , tN: sequence of data points(transactions). 
k: number of clusters. 
M:  number of representatives; May be determined by memory size. 

Output: 
the clusters and their profiles. 

Method: 
//global data structure definitions. 
rep[l..M]: vectors for the representatives. 
X[l..M]: dissimilarity at  each level of the dendrogram. 
~ [ l . .  MI: the merging pair at  each level of the dendrogram. 
dmin: threshold for condensation. 
prof ile[l..k]: profile of each cluster. 
numRep = 1; 
rep[l] = tl; 
T[1] = 1; X[1] = 0; 

for i from 2 to N do begin 
read ti. 
if i 5 M then 

update X and T incrementally, e.g. by SLINK. 
numRep++; 
rep[numRep] = ti; 
dmin = min{X[j]l j E [l..numRep]); 
UpdateProfile(k, numRep); 

else 
//condense the most similar pair or remove an outlier. 

Condense(k, numRep, ti); 
endif 
if interrupted by the user 

k =Interact With User(k, numRep);//a new parameter may be chosen 
end 

The dendrogram is efficiently represented by the pointer representation[l4]. 
A pointer representation consists of two functions: T : 1 , .  . . , N + 1, .  . . , N ,  and 
X : 1, . . . , N + [0, oo], where T and X satisfy the following conditions: 

T(N) = N,  ~ ( i )  > i ,  f o r  i < N. 

X(N) = oo, X(x(i)) > X(i), f o r  i < N. 

Basically, X(i) is the lowest level a t  which i is no longer the last point in its 
cluster, say x, and ~ ( i )  is the last point in the cluster x[14]. It is assumed that 
the points are identified by the integers 1,2,  . . . , N .  

Example I. Suppose that a database consists of points {I,  2,3,4) and the points 
are read in the same order. Figure la )  shows the distances between the four 



Interactive Clustering for Transaction Data 125 

a)A Weighted Graph b)Two Points c)Three Points d)Four Points 

Fig. 1. Graph and Cluster Hierarchies 

points. Figures Ib), c) and d) show the successive dendrograms after new points 
are clustered by single-linkage clustering. Note that a level of a dendrogram is 
represented by the distance value at that level, assuming all distance values are 
unique. 

3.1 Updating of Cluster Profiles 

User interaction is peformed via a cluster profile. A cluster profile is a summary of 
a cluster's contents, which may include the number of points, the most frequent 
items, or even association rules in the cluster. In our discussions we assume that 
the profile contains at least the number of points in a cluster. The user can 
interact at any point during the clustering process. For each user interaction, 
the algorithm shows the up-to-date cluster profiles to  the user, and if the user 
changes the number of clusters, the profiles of the new clusters are updated and 
shown to the user. 

There are three cases with respect to the changing of the clusters after a new 
point is clustered. The cluster profiles are updated accordingly. Due to  space, 
the details are not shown here, but in [15]. 

4 Interactive Clustering 

The number of clusters to be created can be changed dynamically and interac- 
tively by the user. It can be done in an ad-hoc or in a browsing fashion (e.g., 
roll-up or drill-down of the dendrogram), which we call ad-hoc interaction and 
browsing interaction, respectively. 

4.1 Ad-Hoc Interaction 

With ad-hoc interactions, the user indicates a new value for k, independent of 
the current value. It is crucial to efficiently compute the new clusters for any 
new k. To do this, we need to determine the cluster to which each point belongs, 
which we call cluster representation. A cluster representation is related to  the a 
function[l4], which is defined as: 
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where rrO (i) = i ,  rr2 (i) = rr(rr(i)) and rri repeats rr j times, and the sequence 
rri (i) ( j  2 0) is finite with the last element being the current number of repre- 
sentatives(1et it be m 5 M). The function a ( i ,  h)  gives the cluster of point i 
at level h. Given the number of clusters k, level h is the kth largest A value. 
Finding the kth largest value among m numbers is a selection problem, which 
can be done linearly as shown in [4]. Since k is usually much smaller than m, 
another possible way to find h is to  first build a heap with the m values and then 
extract the largest, the second largest, until the kth largest. The total time is 
O(m + k x log(m)), where O(m) is to build the heap bottom up, and O(log(m)) 
for each extraction of the largest value from the heap. Note that if there are 
duplicate values in A, then the pairs with the same dissimilarity are regarded as 
being merged at the same level. 

Based on Lemma 1, we develop a linear method to get the cluster represen- 
tation. The function is not shown here due to space, but in [15]. 

Lemma 1. Let m be the number of representatives, A, rr be the pointer repre- 
sentation for the m representatives, k be the current number of clusters set b y  
the user, C be the cluster representation. For any point i( l  5 i 5 m), we have: 

where jmin = min{jlj 2 0, A(rri(i)) 2 h ) ,  where h is the kth largest value of A. 
Proof: See [IS].  

4.2 Browsing Interaction 

With browsing interactions, the parameter k can be changed to k + l  or k- I .  It is 
shown in [I51 that using the heap data structure allows efficient such interactions. 

5 Adaptive Clustering 

The adaptability to large databases is achieved by a dynamic condensation tech- 
nique, and sensitivity to data input order is lessened by a conservative outlier 
removal policy. The Condense function can be found in [I51 due to space. 

5.1 Dynamic Linear Condensation 

Since the most similar pair lies at the lowest level of the dendrogram, their 
dissimilarity(1et it be dmin) is used as a threshold for condensation. There are two 
types of condensations. If the dissimilarity between the new point and its nearest 

2 u > 77 was used in [14], we change for the convenience of the following description 
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neighbor is less than dmin, then they are condensed into one representative, 
which we call type I condensation. Type I1 condensation happens if dmin is 
smaller. In this case the two points with dissimilarity dmin are condensed into 
one representative, and then dmin is set to  the next level in the new dendrogram 
with the new point clustered. 

Both types of condensations always condense the most similar pairs, referred 
to as reciprocal nearest neighbors(RNNs) [12]. Condensing the RNNs has a nice 
property, called the Reducibility Property [12]: The new dissimilarity between 
the condensed RNNs and the other representatives is nondecreasing for linkage 
clustering methods. This property ensures that after condensation the existing 
dendrogram is not changed. Therefore, the cluster profiles with condensation 
can be efficiently updated. For type I condensation, we only need to increment 
the profile of the cluster to which the new point is condensed. For type I1 con- 
densation, we need to cluster the new point into the condensed hierarchy, and 
the new cluster profiles are updated in the same way as described in the above 
section. 

For efficiency, the two condensed points/subclusters are represented by their 
centroid, which can be computed from the sums of the two vectors for the two 
points. The centroid is then regarded as a point(representative) and used to 
compute the dissimilarity with the new points not yet clustered. 

5.2 Outlier Detection and Removal 

To be less sensitive to data input order, our outlier detection is conservative: (1) 
only a point that has stayed in the dendrogram for some minimum time(tmin) is 
the point detected as an outlier. (2) once an outlier is detected, it is not thrown 
away. Instead it can be put in a main memory buffer or be written to hard 
disk if no available main memory. After all data points are read the outliers 
are rescanned and reclustered as new data points. Reclustering the outliers can 
recover those that might be wrongly detected as outliers. More details can be 
found in [15]. 

6 Experimental Results 

We report on two different sets of experiments. Two real-life data sets are used 
to compare the quality of clustering of our algorithm OAK with ROCK[7]. We 
also examine the performance of OAK using two large synthetic data sets to 
demonstrate the adapt ability of OAK through dynamic condensat ion and its 
insensitivity to  data input order. In all cases, we focus on the quality of clustering 
as the measure. All experiments were conducted on a Compaq PC with a 500MHz 
Pentium I11 processor and 128 MB of RAM and running Microsoft Windows 98. 
OAK was implemented in Java, and was executed by the Java Virtual Machine. 
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6.1 Results with Real-life Data Sets 

The Congressional votes and Mushroom in [7] are used in our experiments. 
The Congressional voting data set is the United States Congressional Voting 
Records in 1984. Each record corresponds to  one Congressman's Votes on 16 
issues. The mushroom data set is derived from The Audubon Society Field Guide 
to North American Mushrooms. Each record contains information that describes 
the physical characteristics of a single mushroom. 

Cluster Profiles We first show the clustering results when there are no con- 
densations. M is set to  435 and 8124 for the Congressional voting and mushroom 
data, respectively. Outliers are removed at the end of clustering by user inter- 
actions. That is, we set a larger k and select the largest clusters among the k 
clusters as output. 

For the Congressional voting data, we first set k to 2. From the cluster profiles 
we found that one cluster has only one data point. We knew that there must 
be outliers, and then increased k until we found two big clusters in the cluster 
profiles. When k = 55, OAK had a slightly better result than ROCK. The details 
about the result can be found in [15]. 

For the mushroom data set, when k is set to 21 and all clusters are selected 
as output, OAK had exactly the same result as ROCK (not shown due to space), 
i.e., only one small cluster is mixed with poisonous and edible, and the others 
are either poisonous or edible. More details can be found in [15]. 

Effect of Condensation We tested four cases: M = 1000, M = 500, M = 200 
and M = 100 for the mushroom data set. The maximum condensation threshold 
is set to  dm,, = 0.5, and was never exceeded for the four cases. In order to 
compare with the result without condensation, outliers are removed only at the 
end of clustering by user interactions. 

The five big clusters are selected as output from k = 21 clusters for all cases. 
With M = 1000 and M = 500, we still got 100% accuracy for each of the 
five big clusters. With M = 200 and M = 100, four of the five clusters still 
had 100% accuracy. The fourth cluster is mixed up with both poisonous and 
edible mushrooms, with the majority been edible mushrooms. While keeping 
high accuracy, OAK also speeds up linearly with M decreasing. The execution 
time of OAK with the above different M's for the Mushroom data set is shown in 
Figure 2. It can be seen that the execution time is roughly linear to the number 
of representatives except that when M = 8124 the execution time is below linear 
due to  the fact that there is no condensation overhead. 

6.2 Results with Synthetic Data Sets 

We use two synthetic data sets, which are market basket databases. The to- 
tal number of transactions is 100K. The two data sets have exactly the same 

Obtained from UCI Machine Learning Repository 
(http://www.ics.uci.edu/~mlearn/MLRepository.html. 
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Fig. 2. Execution time(by Java) of OAK with M varying for the Mushroom data set 

transactions but differ in the order of transactions. One is skewed(one cluster 
concatenated after another), and the other is randomly distributed(transacti0ns 
in each cluster are redistributed randomly). OAK found the two clusters with 
small errors for the two data sets, which demonstrates that OAK is less sensitive 
to the input order. The details can be found in [15]. 

6.3 Performance Summary 

We have found that OAK has a comparable (if not slightly better) quality of 
clustering when compared to ROCK. It accomplishes this with a reduction from 
cubic to  quadratic in time complexity and from quadratic to linear in space. 
Condensation has been shown to be effective with the overall impact being a 
linear reduction in time as the number of representatives decreases. 

7 Conclusion and Future Work 

We presented an interactive clustering algorithm for transaction databases. User 
interactions are achieved by showing the user the profiles of the current clusters 
and allowing the user to  adjust the number of clusters during the clustering 
process. Large databases are condensed into a much smaller number of represen- 
tatives through a dynamic condensation technique, which is shown to  be effective 
and efficient. Sensitivity to data input order is lessened by a conservative outlier 
removal policy. 

Future work includes: (1) automatically identifying the number of clusters 
for output at the end of clustering, which are now obtained by user interactions; 
(2) dynamically determining the number of representatives, which is now fixed 
as an input parameter; (3) enhancing cluster profiles with association rules [2] 
for market basket data; 
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Abstract. Market basket databases contain historical data on prior cus- 
tomer choices where each customer has selected a subset of items, a 
market basket, out of a large but finite set. This data can be used to 
generate a dynamic recommendation of new items to a customer who is 
in the process of making the item choices. We develop a statistical model 
to compute the probability of a new item becoming the next choice given 
the current partial basket, and make a recommendation list based on a 
ranking of this probability. What makes our approach different from the 
usual collaborative filtering approaches, is that we account not only for 
the choice making, or buying, associated with the items present in the 
partial basket (associative buying), but also for the fact that a customer 
exercises an independent choice unrelated to the existing partial basket 
(renewal buying). We compute the probability of both renewal choice 
and associative choice given the partial basket content, and obtain the 
probabilities for each item given one of these two buying modes. Our 
experiments on the publicly available "ms.com" data set shows our new 
approach yields faster and more accurate prediction compared to other 
techniques that have been proposed for this problem in the literature. 

1 Introduction 

Some retail outfits provide carts with displays that provide product information 
and recommendations as the customer shops. Remote shopping systems allow 
customers to compose shopping lists through personal digital assistants (PDAs), 
with interactive recommendations of likely items. Internet commercial sites often 
provide dynamic product choices as the customer adds items into the virtual 
shopping cart, or market basket. Internet sites also display dynamically changing 
set of links to related sites depending on the browsing pattern during a surfing 
session. All these activities are characterized by the progressive item choices 
being made by a customer, and the providers' desire to recommend items that 
are the most likely next choice of the customer. 

The past history of the items in each market basket transaction is often 
available, although most of this data is proprietary. The process of generating 

Y. Kambayashi, W. Winiwarter, and M. Arikawa (Eds.): DaWaK 2001, LNCS 2114, pp. 131-140,2001. 
O Springer-Verlag Berlin Heidelberg 2001 
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recommendations using this data has been called collaborative filtering by Breese 
et a1 and Heckerman et a1 [2,3], and treated in the same way as the modeling of 
personal preferences of movies or news articles. However, we feel that the market 
basket recommendation is inherently a different problem. The main reason for 
this is that preferences are due largely to the taste and interest, whereas the 
market basket choices are basically a Markov process starting from a null basket 
state with transitions being made to progressively large-sized baskets. Thus, 
if there is a sufficient amount of market basket data with information on the 
order of item choices, one might do a different kind of analysis to arrive at 
the recommendations in the same spirit as Borges and Levene [4] who develop 
web user profiling based on an N-gram model. We focus on using the usual 
market basket data of unordered list of items in each basket, which was a case 
of "implicit" voting, in contrast to the opinion ratings, the explicit voting, as 
characterized in [2,3]. 

Many methods have been proposed for the task of item recommendation. 
Breese et a1 [2] summarizes and compares several techniques. In their category 
of memory based algorithms which includes the first collaborative filtering tech- 
nique used in GroupLens by Resnick et a1 [I], each training data baskets are 
given weight of affinity (various correlation measures) to the partial basket in 
progress and thus weighted average of all the baskets' choices form the merit 
for each item that is ranked for recommendations. In their category of model 
based algorithms, a model is constructed for each item in terms of other items, 
which is then used to predict the item probabilities given the partial basket as 
the input pattern. Lawrence et a1 [5] makes use of the purchase history data 
of customers. They first form clusters of customers with similar past purchases, 
and applies association rules from the product domain to make recommenda- 
tions. Our approach generates a statistical model for the choice behavior in a 
more straightforward manner. 

In this paper, we shall assume that the market basket data for training is in 
the form of 011 matrix M even though the actual data may be in some sparse 
matrix representation. Each row is a basket and each column is an item. The 
value of Mij is 1 if and only if basket i contains item j .  There are total of n 
baskets and m items. We also assume that no basket is empty, and each item is 
contained in some basket. 

In the following section, we present the rationale for the separation of renewal 
and associative choices. In Section 3, we develop the statistical model for these 
modes of buying. Section 4 describes how the model parameters are estimated 
from the market basket data. A summary of our algoritm is presented in Section 
5. We report on our experiment on the ms.com data in Section 6, followed by a 
conclusion section. 

2 Renewal vs. associative item choices 

When a customer embarks on making some number of choices, be it purchasing 
or visiting web sites, we argue that not all items in the basket are selected because 
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of their association with some other item already in the basket. Starting from 
a null basket, some need drives the customer to select the first item, which is 
due to some independent need that we call the renewal choice. After the first 
item, a customer may stop, or select another item by association or by another 
renewal choice, iteratively. 

Let N (k) be the number of baskets in the basket data that has exactly k items 
and N(kf)  be the number of baskets with k or more items. We have observed 
that for most basket data, the "reset rate", R(k) = N(k)/N(kf) is almost con- 
stant or a slowly decreasing function of k. In fact, for the only publicly available 
data, rns.com, in UC Irvine repository, the R(k) for 1 5 k 5 10 in the test set of 
5000 baskets are 0.31, 0.35, 0.33, 0.34, 0.33, 0.32, 0.34, 0.29, 0.29 and 0.29. The 
weighted average of these ratios using N(kf)  as weight yields 0.3267. For the 
training data of 37211 baskets, similar weighted average is 0.3337 and each R(k) 
is even closer to this constant. We see that when a customer has a basket of size 
k, R(k) fraction of the time the basket was terminated, and 1 - R(k) fraction of 
the time further choices were made. In the case of ms.com data, a fixed R = 1/3 
can be used for the basket termination probability, and the remaining 2/3 as 
continuation. In such constant renewal process with a constant reset rate R, the 
proportion of size k baskets would be R ( l  - R)'-' and the mean basket size 
would be 

For the ms.com data with R = 1/3, k = 3 which is very close to the actual mean 
basket sizes: 3.038 for the test set and 3.016 for the training set. 

It is clear that when a basket begins from scratch there cannot be any as- 
sociated choice and whenever a basket would terminate, the next choice would 
be as if the basket is just beginning. This is the renewal buying choice. In the 
sequel, all the probabilities we develop will be for buying (or choice making) 
with implicit given condition that there will be a next choice. Also we shall use 
the simple case of constant reset rate to present our method, although it can 
easily accommodate separate R(k) for each partial basket size k. 

Now, let nj be the number of baskets where item j is present and n: be the 
number of baskets where item j is the only item. Every time a singleton choice 
is made, it is a sure case of renewal buying, so we can lower bound the proba- 
bility of renewal, i.e., the proportion of singleton choices over all choices made, as 

In the case of ms.com data, this value is about 0.1. 

3 Statistical modeling for the next choice probability 

We start out with a current basket B which contains b items, i l ,  ia,  ..., ib, where 
b may be 0 if the basket is just beginning. Such case will be called a null basket, 
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and it will be dealt with separately. We denote by P(j lB) the probability that 
the next choice will be item j given the current partial basket. For the two modes 
of making a choice (or buying), we have 

Using Bayes rules, we re-express this as 

P(j IB) = P(j lasso, B)  P(asso1B) + P(j Irenew, B)  P(renewlB), (I)  

for all j 6 B ,  or j E B ,  the complement set. And since choice is made either by 
renewal or by association, 

P(asso) + P(renew) = 1, and also P(asso1B) = 1 - P(renew1B). (2) 

And in the case of renewal buy, the basket content is immaterial and, hence, 

where P(j) is the probability of item j being bought. 
Now we make a simple but reasonable assumption about the choice behavior 

that we call single item influence assumption. That is for both renewal or 
associative buying, the next choice is the result of such tendencies due to each of 
the items in the current basket considered singly. In other words, an associative 
choice would be due to an association to some single item in the basket and 
not because of multiple items taken together. Likewise, each item exerts its own 
tendency for renewal, even though when the basket grows large, the customer's 
financial or time resource may limit the next action. We make further simplifying 
assumptions for the way each item's influence is aggregated. These assumptions 
allow for an efficient computation without apparently affecting the accuracy of 
our approach. 

For renewal, we assume that the least renewal tendency among all the basket 
items dictates the final renewal: 

P(renew1B) = min P(renewlik), 
l l k l b  

(4) 

which will be obtained in a manner described later. For association, we assume 
that maximum preference to associatively select an item j among each item in 
the basket determines the overall preference for j 6 B.  That is, in pre-normalized 
form, 

Pt(jlasso7 B)  = max P(jlasso, ik). 
l l k l b  

(5) 

This quantity is 0 for all the items that are in the partial basket in progress. 
Normalizing for probability, we have 

P' (j lasso, B)  
P(jlasso, B)  = C, Pt(klasso, B)  ' 
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Again using Bayes rule, we rewrite the quantity P(jlasso, i )  of equation (5) 
(using i for &) as 

P(jli)P(assol j, i) P(j l i )( l  - P(renew1 j, i)) P(jlasso, i) = - - 
P(asso1i) (1 - P(renew1i)) (7) 

Here we are make use of (i, j) pair statistics that are reasonably available from 
the data. If there is an abundance of triplet occurances in the data, one might 
expand the analysis to include triplet statistics or even higher order statistics, 
by revising the single item influence assumption to appropriately include more 
it ems. This would increase the computation. 

When the basket is just beginning from a null basket, the customer is pre- 
cisely at the renewal point. Therefore, for the null basket, i.e. B = 0, equation 
(1) is specialized by use of equation (3): 

4 Estimation of model parameters from data 

The model parameters we have developed in the previous section are estimated 
from the training data M and stored for use for future recommendation phase. 
(In gathering the statistics, we make use of the row sums of M to facilitate 
various computations). The probability of item j being chosen is just the raw 

or, optionally, with a Laplace correction for small statistics as 

although this correction did not make any noticeable difference for the ms.com 
data. For the renewal probability, we use the lower bound discussed earlier in 
the same spirit as the minimal renewal aggregation: 

For P(renewli), the estimation is done in two stages. Firstly, among the baskets 
that contained item i ,  ni cases are certainly renewal. Secondly, among the re- 
maining ni - ni cases, we can estimate that on the average a P(renew) proportion 
would be renewal, hence 

P(j Irenew) of equation (3) can now be precomputed from these estimates. (Once 
the basket B is given, this quantity will be modified as described later). 
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To estimate P(jli) in equation (7), we make use of a conceptual submatrix 
M i  of M ,  obtained by selecting only the rows that has item i. Similarly, we 
denote by nji the j'th column sum of Mi ,  i.e., the number of times j was chosen 
along with i. We set P(ili) to 0 and pre-compute for all (i, j # i) 

Of course, many of these quantities are 0 when nji = 0, so the computation 
can skip over them and the result can be stored in a sparse matrix form. Again, 
similar to before, we denote by nii the number of rows whose row sum in M i  
is exactly 2, i.e., no other item was in the basket. Following a similar line of 
reasoning as in P(renew li) estimation, we have 

These can be evaluated as needed, from just the nii/nji values stored in a sparse 
representation. We observed that only 2.6% of the nii values and 28% of the nji 
values are non-zero for the ms.com data set, and for data sets with even more 
items we expect the sparsity to be even greater. Now, with these estimates, 
P(jlasso, i) of equation (7) can be computed and stored. 

When a recommendation is to be made for a basket B in progress, we first 
compute P(jlasso, B) of equation (7) via Pt(jlasso, B)  of equation (5) using the 
precomputed components above, and set its values to 0 for all j E B for these 
items are not recommended again. Now we can normalize P' values to 

P' (j lasso, B)  
P(jlasso, B)  = x, Pt(klasso, B)  ' 

Likewise, since no item already in the basket is to be recommended, we set the 
values of P(j1renew) to 0 for all j E B ,  and normalize these modified renewal 
buying probabilities to sum to 1, before finally computing the total probabil- 
ity P( j lB)  for each j 6 B by equation (I).  The P(j1B) values are ranked in 
descending order, and the top several of this ranked list are "recommended". 
Alternatively, if there are some other merit values associated with each item, 
related to profit potential or inventory reduction, these can be turned into the 
expected merit value by combining with the item probability, and ranking the 
items according to these expected merits for recommendation. 

5 Summary of the new recommendation algorithm 

Our algorithm is comprised of three steps. The first two steps use the market 
basket information in the training data base to build our statistical model de- 
scribed in section 4. In the first step, basic statistics are collected, which are 
then used in the second step to pre-compute the model parameters discussed 
above. (Use of row sums is implicit here). The third step uses the model and 
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the current basket information to produce a preference ranking for the items 
not in the basket. Using the notations introduced earlier, we now summarize the 
algorithm. 

1. Collect statistics from training data 

(a) For each item j, obtain n j  the number of baskets with item j purchased. 
(b) For each item j, obtain ni  the number of baskets with item j being the 

sole item purchased. 
(c) For each pair of items i and j, obtain the number of market baskets nji 

with items j and i purchased together. 
(d) For each pair of items i and j, obtain the number of market baskets nii 

with items i and j being the only two items purchased. 
2. Pre-compute model parameters 

Compute P(renew) = C, n;/ C, n, (equation (10)). 
For each item j, compute P(j) = n j/ C n j  (equation (9)). 

For each item j, compute P(renew 1 j) = ni + P(renew) (1 - :i ) (equation 
nj 

(11))- 
For each item j, compute P' (j lrenew) = P(renew1 j)P(j)/P(renew) 
(equation (3)). 
For each pair of items i and j with nij # 0, compute P(j l i )  = nji/ C, nbi 
(equation (12)). 
For each pair of items i and j with nij # 0, compute 

nf.. nf. . 
P(renewy, i) = ,:I + P(renew) (1 - ,:I ) (equation (13)) 
For each pair of items i and j with nij # 0, compute 
P(jlasso, i) = P(jli) x (1 - P(renew1 j, i)) /( l  - P(renew1i)) (equation 

(7))- 
3. Recommendation ordering for a given partial basket 

Given a partial basket B let B be the complementary set of items not in B 
(a) If B is empty, then sort items in order of decreasing Pt(jlrenew) and 

return this as the item preference ordering. 
(b) If B is non-empty, then 

i. Compute P(renew1B) = minjEB P(renew1j) (equation (4)) 
ii. Compute the normalization factor C,,, P' (k lrenew). 
iii. For each item j E B, compute P(j1renew) = P1( j  [renew)/ CkEB P' (klrenew). 

iv. For each item j E B ,  compute P' (j lasso, B )  =  maxi^^ P(j lasso, i) 
(equation (5)). 

v. Compute the normalization factor CjEB P' (j lasso, B). 

vi. For each item j E B ,  compute 
P(j lasso, B)  = P' (j lasso, B)/  CjEB P' (j lasso, B) (equation (6)). 

vii. For each item j E B ,  compute 
P(j IB) = P(j lasso, B)  (1 - P(renew1B)) + P(j lrenew) P(renew1B) 
(equation (1)). 
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viii. Sort items in order of decreasing P(j lB) and return this as the item 
preference ordering. 

6 Experiments and Performance evaluation 

Although three example cases were discussed in [2,3], only the ms.com data is 
publicly available. Also, due to the proprietary nature of market basket data, 
even the ones we have access to are confidential. However, the conclusions drawn 
from the ms.com data seem to be generally applicable, and the trainingltest set 
breakdown of the ms.com data seems to be typical. We have ran the recommen- 
dation on this data 100 times because of relatively large variance observed in the 
so called cfaccuracy measure [2,3] among the runs. The standard deviation of 
these runs on our method is shown in Table 1). This is due to the random parti- 
tioning of the test baskets into the partial basket in progress and the remaining 
items to be "predicted". We have also combined the training and test sets and 
randomly repartitioned it into the same size training and test set breakdown five 
times, and on each pair ran our recommendation 50 times. The variation among 
these five break downs are very small and we report only the average of all of 
them. We followed the same experimental regimen as in [2,3] and used the most 
sensible measure, the cfaccuracy, which we rephrase here. 

When a partial basket is used to rank the remaining items, the best possible 
outcome would be that the remaining items in the test basket would be assigned 
the top so many ranks. A ranked item with rank r is credited 2-T/5 and the 
cfaccuracy of a recommendation on t remaining items (il, i2, ..., it) in the basket 
with ranks, r(ij) is given as a percentage of the total credit of the recommenda- 
tion to the best possible, as 

If only one item is to be "predicted", a rank of 0 (the best) would yield loo%, 
and a rank of 5 (the 6 t h  best) would yield 50%. This gives some idea as to how 
many of the top items should be actually presented to the customer to get a hit. 

For the "Givenj" testing, the subset of the 5000 test baskets with the basket 
size greater than j are processed. For each basket in this subset, j items are 
randomly selected as in the partial basket and the cfaccuracy for the remaining 
items in the basket is computed. Then the cfaccuracies are averaged to give 
one fugure for the "Givenj". Table (1) gives the average cfaccuracy of our 100 
runs on the original split, along with the single run results reported in [3] for 
comparison. The two models, BayesNet and DependencyNet, are said to be the 
best of their experience. Also given are the 5 x 50 run results of our method. 
The results on these re-partitioned trainingltest set are not much different from 
the original split. 

More recently, another model-based approach of using a linear item presence 
model was reported by Iyengar and Zhang [6]. These results are also shown in 
Table (1). 



A New Approach for Item Choice Recommendations 139 

Table 1. Cfaccuracy of recommendations for ms.com data 

Given 0 Given 2 Given 5 Given 10 AllButl 
No. of cases 5000 2213 657 102 3453 Avg 
P( j )  base 52.18 45.52 38.57 31.49 45.40 "Original training/test set, 
P(j1renew) 52.28 46.65 42.85 39.16 47.82 100 runs average" 
P(jlB) 52.28 59.51 57.52 53.83 62.81 58.88 
std. dev. 0.0 0.46 0.81 2.24 0.48 
P( j )  base 52.12 45.58 39.32 32.38 45.41 "Random training/test set, 
P(j1renew) 52.10 46.61 43.83 40.57 47.84 5x50 runs average" 
P(j1B) 52.10 59.31 57.85 54.10 62.58 
BayesNet - 53.18 52.48 51.64 66.54 52.97 "Results of [3] on the original 
DepNet - 52.68 52.54 51.48 66.60 52.61 training/test set, one run" 
Linear - 55.70 57.50 57.00 64.10 56.14 Least Squares (linear) from [6] 
Baseline 52.18? 43.37 39.34 39.32 49.77 -- P ( j )  only base from [3] 

We see from the table that our method is generally better (bold numbers) 
except in the AllButl category. There are two reasons for this. First, the model 
based method becomes more accurate as more inputs are known, but it happens 
only when the basket sizes are larger than the average. Second, there is usually 
a few % cfaccracy fluctuation in any given run due to the way the test basket is 
split for partial basket and the target items. That aside, we can form a weighted 
average of the cfaccuracy figures for various methods. We do this just for the 3 
cases: Given2, Given5 and GivenlO. (The AllBut 1 case is actually overlapping 
these three cases, and GivenO was not reported in [2,3,6]). These averages are 
shown in the last column (avg) of the table. The obvious advantage of our 
approach will prevail even if we had averaged all the Givenj recommendations 
including the three shown here. 

Our method takes about 3 minutes to build the model, and 2 minutes to 
process the test set for one run for all 5 Given categories. Not counting the 
GivenO cases, there are 6425 recommendations per run. Our program is in APL 
running on a 63 MHz IBM RS/6000 machine. This is much faster than the run 
times for BayesNet and DependencyNet models running on a 300 MHz Pentium 
processor, where it is reported [3] that about 2 minutes was required to build 
the model, and about 10 recommendations could be processed per second 

7 Conclusion 

The new approach we propose is more efficient and more accurate than other 
state of the art methods, especially when the partial basket size is small (which 
is usually the case of importance in practise). We conclude that the advantage 
is due to the proper recognition of the choice process as a renewal process and 
modeling the underlying statistical mechanism. 
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Much more work is to be done to work out the details of using sparse rep- 
resentation of the model and in adopting the approach to a very large item set 
situation (rns.com has less than 300 items) so that it will scale better. The run 
time and storage requirement of our method, as presented here, are both of 
0(m2). For very large number of items, many computational tricks as well as 
some modification of the algorithm will be necessary. Some of the modifications 
we foresee are, clustering the items to some manageable number of super-items, 
implementing sparse techniques, and post refinment of the recommended super- 
items into individual items. 
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Abstract. Many people rely on the recommendations of trusted friends to find
restaurants or movies, which match their tastes.  But, what if your friends have
not sampled the item of interest?  Collaborative filtering (CF) seeks to increase
the effectiveness of this process by automating the derivation of a
recommendation, often from a clique of advisors that we have no prior personal
relationship with.  CF is a promising tool for dealing with the information
overload that we face in the networked world.

Prior works in CF have dealt with improving the accuracy of the
predictions. However, it is still challenging to scale these methods to large
databases.  In this study, we develop an efficient collaborative filtering method,
called RecTree (which stands for RECommendation Tree) that addresses the
scalability problem with a divide-and-conquer approach.  The method first
performs an efficient k-means-like clustering to group data and creates
neighborhood of similar users, and then performs subsequent clustering based
on smaller, partitioned databases.  Since the progressive partitioning reduces the
search space dramatically, the search for an advisory clique will be faster than
scanning the entire database of users.  In addition, the partitions contain users
that are more similar to each other than those in other partitions.  This
characteristic allows RecTree to avoid the dilution of opinions from good
advisors by a multitude of poor advisors and thus yielding a higher overall
accuracy.

Based on our experiments and performance study, RecTree
outperforms the well-known collaborative filter, CorrCF, in both execution
time and accuracy.  In particular, RecTree’s execution time scales by
O(nlog2(n)) with the dataset size while CorrCF scales quadratically.

1 Introduction

In our daily life, virtually all of us have asked a trusted friend to recommend a movie
or a restaurant. The underlying assumption is that our friend shares our taste, and if
she recommends an item, we are likely to enjoy it.  If a friend consistently provides
good recommendations, she becomes more trusted, but if she provides poor
recommendations, she becomes less trusted and eventually ceases to be an advisor.
Collaborative filtering (CF) describes a variety of processes that automate the
interactions of human advisors; a collaborative filter recommends items based upon
the opinions of a clique of human advisors.  Amazon.com and CDNow.com are two
well known e-commerce sites that use collaborative filtering to provide
recommendations on books, music and movie titles; this service is provided as a
means to promote customer retention, loyalty and sales, etc. [13].
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Table 1: Higher scores indicate a higher level
of enjoyment in this ratings database.

Titles
Speed

(A)
Amour

(R)
MI-2
(A)

Matrix
(A)

Titanic
(R)

Sam 3 4 3

Bea 3 4 3 1 1

Dan 3 4 3 3 4

Mat 4 2 3 4 3

Gar 4 3 4 4 4

U
se

rs

Baz 5 1 5

Example 1. A ratings database records a patron’s reaction after viewing a video.
Users collaborate to predict movie preference by computing the average rating for a
movie from among their friends.  A subset of the database is shown below where Sam
and Baz have indicated a common set of friends. The average rating of Matrix is 3
while Titanic is 14/4.  Therefore, Titanic would be recommended over Matrix to Sam
and Baz.

This simplistic approach falls well
short of automating the human
advisory circle.  In particular, the group
average algorithm implicitly assumes
that all advisors are equally trusted and
consequently, their recommendations
equally weighted.  An advisor’s past
performance is not taken into account
when making recommendations.
However, we know that in off-line
relationships, past performance is
extremely relevant when judging the
reliability of recommendations.  Equally problematic is that the group average
algorithm will make the same recommendation to all users.  Baz, who has very
different viewing tastes from Sam, as evidenced by his preference for action over
romantic movies (as indicated by the letter A and R following each of the titles) will
nevertheless be recommended Titanic over Matrix.  Collaborative filters aim to
overcome these shortcomings to provide recommendations that are personalized to
each user and that can adapt to a user’s changing tastes. �

Memory-based algorithms [3] are a large class of collaborative filters that take a
list of item endorsements or a ratings history, as input for computation.  These
algorithms identify advisors from similarities between rating histories and then
generate a recommendation on an as-yet unseen item by aggregating the advisors’
rating.  Memory-based collaborative filters differ in the manner that ratings are
defined, the metric used to gauge similarity, and the weighting scheme to aggregate
advisors’ rating.

In the well-known correlation-based collaborative filter [11], that we call CorrCF
for brevity, a 5-point ascending rating scale is used to record user reactions after
reading Usenet items.  Pair-wise similarity, wu,a, between the user, u, and his potential
advisor, a, is computed from Pearson correlation of their rating histories.

∑
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where ru,i and ra,i is the user and advisor rating for item i while ur and ar  is the mean
ratings of each user; u and a is the standard deviation of each user’s rating history,
and Yu,a is the set of items that both the user and his advisor have rated.   A
recommendation, pu,j is then generated by taking a weighted deviation from each
advisor’s mean rating.
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������ � ��� 	� normalizing constant such that the absolute values of the correlation
coefficients, and wu,a  sum to 1.

The computation of the similarity coefficients can be viewed as an operation to
fill in the entries of an n by n matrix where each cell stores the similarity coefficient
between each user and his n-1 potential advisors.  Each row of the matrix requires a
minimum of one database scan to compute and to fill the entire matrix of n rows
therefore requires O(n2) operations.  The computation of these similarity coefficients
is the performance bottleneck in all previously published memory-based algorithms.

RecTree solves the scalability problem by using a divide-and-conquer approach.
It dynamically creates a hierarchy of cliques of users who are approximately similar
in their preferences.  RecTree seeks advisors only from within the clique that the user
belongs to and since the cliques are significantly smaller than the entire user database,
RecTree scales better than other memory-based algorithms.  In particular, creating
more cliques as the dataset size increases allows RecTree to scale with the number of
cliques rather than the number of users.

In addition, the partitions contain users that are more similar to each other than to
users of other partitions.  This characteristic allows RecTree to avoid the dilution of
opinions from good advisors by a multitude of poor advisors – yielding a higher
overall accuracy.  The trick then is to create cohesive cliques in an economical
manner.

This paper is organized as follows.  Section 2 reviews related work.  Section 3
details the RecTree algorithm.  Section 4 describes the implementation of the RecTree
algorithm and the experimental methodology.  Section 5 compares RecTree’s
performance against CorrCF.  We conclude in Section 6 with a discussion of the
strengths and weaknesses of our approach and the direction of future research.

2 Related Work

Two of the first automated collaborative filtering systems use Pearson correlation to
identify similarities between users of Usenet[11] and music album aficionados[14].
In [14], the constrained Pearson correlation is introduced to account for the implicit
positivity and negativity of a rating scale.  Ringo also provides an innovative solution
that inverts the basic CF approach; music albums are treated as ‘participants’ that can
recommend users to other music album participants.

When the rating density is low, most CF systems have difficulty generating
accurate recommendations [11] [5].  Unlike the problem of scalability, however,
rating sparsity is an open issue that has received significant research attention. [12]
and [5] attempt to ameliorate this issue by using bots and agents to artificially
increase the rating density.  Bots assign ratings based on criteria such as the number
of spelling errors, the length of the Usenet message, the existence of included
messages [12] or the genre of the movie title [5].  Agents are trained, using IF
techniques, to mimic the rating distribution of each user.  An agent regenerates its
ratings as it becomes better trained which may force large portions of the similarity
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u1 w11

u2 w21
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u22 u2*

w*2 w**

C3

Fig. 1: The RecTree data struc-
ture.

matrix to be updated [5].  In both of these works, the relevancy of the bots’ and
agents’ ratings to a particular user is decided by the CF system as it identifies
potential advisors.

In their recent paper, Goldberg et al. [4] describe Eigentaste, which for certain
domains does not suffer from the sparsity and scalability problems.  They note that
rating sparsity is introduced during the profiling stage when users are given the
freedom to select the items they rate.   In contrast, the Eigentaste algorithm forces
participants to rate all items in a gauge set.  The dimensionality of the resulting dense
rating matrix is reduced using principal component analysis to the first two
dimensions.  All of the users are then projected onto this eigen-plane and a divisive
clustering algorithm is applied to partition the users into neighbourhoods.  When a
new user joins the system their neighbourhood is located by projecting their responses
to the gauge set onto the eigen-plane.  A recommendation is generated by taking
neighbourhood’s average rating for an item.  Eigentaste is a linear collaborative filter
and requires O(j2n) time to compute its cluster structure.  For small values of j, the
size of the gauge set, Eigentaste can be very fast.

Eigentaste is however limited in that it requires the definition of a gauge set.  In
the Jester recommendation service, the gauge set consists of a set of jokes.  After
reading a joke, each user can immediately supply a rating.  However, there are few
domains where the items of interest can be consumed so quickly and evaluated.

It is worth noting that many e-commerce sites provide a simplified form of
collaborative filtering that is based on the complementary technologies of data
warehousing and on-line analytical processing (OLAP).  Often-seen examples of
OLAP style collaborative filtering are the factoids that attempt to cross-sell/up-sell
products: Item X has been downloaded Z times.  These rudimentary filters make the
implicit assumption that all users are equally good advisors to the active user.  A more
sophisticated approach would be to mine patterns from the database and data
warehouse [7] and to use these as the basis of a recommendation to the user.

3   The RecTree Algorithm

RecTree is the acronym for a new data structure and collaborative filtering algorithm
called the RECommendation Tree.  The RecTree algorithm partitions the data into
cliques of approximately similar users by recursively splitting the dataset into child
clusters.  Splits are chosen such that the intra-partition similarity between users is
maximized while the inter-partition similarity is minimized.   This yields relatively
small cohesive neighbourhoods that RecTree uses to restrict its search for advisors –
which represent the bottleneck in memory-based algorithms.  RecTree achieves its
O(nlog2(n)) scale-up by creating more partitions to
accommodate larger datasets - essentially scaling
by the number of partitions rather than the number
of users.

 Prediction accuracy deteriorates when a large
number of lowly correlated users contribute to a
prediction.  Herlocker et al. [8] suggest that a
multitude of poor advisors can dilute the influence
of good advisors on computed recommendations.
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The high intra-partition similarity between users makes RecTree less susceptible to
this dilution effect – yielding a higher overall accuracy.

The chain of intermediate clusters leading from the initial dataset to the final
partitioning is maintained in the RecTree data structure, which resembles a binary
tree.  Within each leaf node, computing a similarity matrix between all members of
that clique identifies advisors.  RecTree then generates predictions by taking a
weighted deviation from each clique’s advisor ratings using (2).

Lemma 1. The training time for a partitioned memory-based collaborative filter is
O(nb), where n is the dataset size if the partitions are approximately b in size and
there are n/b partitions.
Proof.  Training consists of computing a similarity matrix for each of the n/b
partitions.  Each partition is approximately b is size and computing the similarity
matrix requires O(b2) to compute.  Computing all n/b similarity matrices is therefore
O(nb). �

By fixing the partition size, Lemma 1 indicates that the training time for a memory-
based collaborative filter can be linear in n.

3.1 Growing the RecTree

The RecTree is grown by recursively splitting the data set until a good partitioning of
the data is obtained.  It seems obvious that a clustering algorithm would be the ideal
candidate for creating these partitions.  Indeed, recent results have extended the
applicability of clustering algorithms to high dimensions and very large disk-resident
data sets [6] [2] [1].  However, given the sparsity of rating data and the low cost of
RAM it is quite feasible to load all of the rating data into memory1; a fast in-memory
clustering algorithm, such as KMeans [9] would therefore be appropriate for our
needs.

KMeans begins its clustering by selecting k initial seeds as the temporary cluster
centers and then assigning users to the cluster that they are closest to.  The centroid of
each cluster is then taken as the new temporary center and users are reassigned.
These steps are repeated until the change in centroid positions fall below a threshold.

KMeans has a time complexity of O(k2n) where k is the number of clusters and n
is the dataset size.  A naïve application of KMeans to create a proportionate number
of cliques to match an increase in dataset size would yield cubic scale-up.  Rather we
employ KMeans as a procedure in a hierarchical clustering algorithm, which
recursively splits the dataset into two child clusters as it constructs the RecTree from
the root to its leaves.  Since k is always 2 in this instance, KMeans is guaranteed to
execute in time linear with dataset size.  The procedure for constructing the RecTree
is outlined in Algorithm 1.

Our purpose in selecting a clustering algorithm is neither to locate nor to identify
the cluster structure in the dataset.  We partition the data because we want to improve

                                                          
1 The EachMovie service over the course of 18 months accumulated over 70,000

users and an inventory of over 16000 movies, yet its entire rating database can be
compressed and loaded into only 6 megabytes of RAM.
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the execution time of the collaborative filter.  The conditions for Lemma 1 guarantee
linear training time but also restrict a clustering algorithm from obtaining optimal
clusters.  Despite this, our performance analyses show that RecTree is more accurate
than un-partitioned collaborative filtering via CorrCF.

The ConstructRecTree() procedure is called recursively for each child cluster,
childClusterDataSet, that is created by KMeans().  The tree continues to grow along a
branch until the cluster is smaller than partitionMaxSize, or the branch depth,
curDepth, exceeds the maxDepth threshold.  The first condition ensures that all the
cliques are approximately equal in size, which is essential to our efficient
collaborative filter.  The second condition ensures that ConstructRecTree() does not
pursue a pathological partitioning.

Lemma 2. The RecTree data structure is constructed in O(gnlog2(n/b)), if the
maximum depth is glog2(n).  n is the dataset size, b is the maximum partition size and
g is a constant.
Proof.  We established in Lemma 1 that RecTree’s training phase (step 4) is linear.
All that remains is to show the complexity of creating the partitions.  At level one, the
cost of creating two partitions is qn, where q is a constant and n is the dataset size. At
each subsequent level of the tree, the complexity of building the branches is qn1 + qn2

+ .. qnt, where t is the number of partitions on a level.  Since n = n1 + n2 + … nt, the
cost of each subsequent level is also qn. For a balanced tree the maximum depth is
log2(n/b), which yields a complexity of O(nlog2(n/b)).  For an unbalanced tree, the
maximum depth is n/b, which yields a complexity of O(n2/b) at worst.   Since we
constrain the maximum depth at glog2(n/b), the total complexity is at worst
O(gnlog2(n/b)).  �

Algorithm 1. ConstructRecTree(parent, dataSet,
partitionMaxSize, curDepth, maxDepth)
Input: parent is the parent node from which the
dataSet originates. partitionMaxSize is the maximum
partition size and curDepth is the depth of the
current branch. maxDepth is the maximum tree depth.
Output: The RecTree.
Method:

1. Create a node and link it to parent.
2. Assign dataSet to node.
3. If  SizeOf(dataSet) ��partitionMaxSize  OR

curDepth > maxDepth then
ComputeCorrelationMatrix(dataSet); RETURN.

4. curDepth++.
5. Call KMeans (dataSet, numberofClusters=2)
6. For each child cluster resulting from KMeans:

Call ConstructRecTree(node,
childClusterDataSet, partitionMaxSize, curDepth,
maxDepth).
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3.2 Default Voting

In the collaborative filters proposed by [11] and [14], pair-wise similarity is computed
only from items that both users have rated.  If the item intersection set is small, then
the coefficients are poor measures of similarity as they are based on few comparisons.
Furthermore, an emphasis on intersection set similarity neglects the global rating
behaviour that is reflected in a user’s entire rating history.  [8] accounts for small
intersection sets by reducing the weighting of advisors who have fewer than 50 items
in common.  We approach this issue by extending each user’s rating history with the
clique’s averages.  This default voting effectively increases the similarity measure to
cover the union of ratings rather than just the intersection set.

3.3 Generating a Recommendation

RecTree generates a prediction for the active user by locating his clique and then
applying the weighted deviation from mean method as shown in (2).

Example 2. Table 2a shows the correlation between Sam and his friends. Without
default voting, Bea and Dan are indistinguishable; they have voted identically on the
three movies that Sam has seen.  However, the standard deviation and average rating
indicate that Bea is more volatile in voting than Dan or Sam.  With default voting, the
correlation is computed over the entire voting histories and captures the differences in
global behaviour; Dan is assigned a higher similarity coefficient than Bea.  

The ConstructRecTree algorithm partitions the users into the two groups
consisting of (Sam, Bea, Dan) and (Mat, Gar, Baz). Table 2b shows the movie
predictions that RecTree generates using default voting and this partitioning.
RecTree’s predictions are in-line with our expectations and recommend the romantic
title to Sam and the action title to Baz.  In comparison to CorrCF, RecTree more
clearly capture Sam’s tastes by predicting a larger difference in preference for Titanic
to Matrix. RecTree generates each of these predictions from considering only 2
advisors, while CorrCF considered 4 advisors.  The reduced search space results in
better execution time for RecTree and since the intra-partition similarity is high, the
dilution of good advisors by a multitude of poor advisors is avoided.

Titles Titles

Speed Amour MI-2 Matrix Titanic Std. Corr to Matrix Titanic

 (A)  (R)  (A)  (A)  (R)  Dev Avg Sam   (A) ®
Sam 3 4 3 3 3.75 0.5 3.4 1 Sam 2.72 3.55

Bea 3 4 3 1 1 1.3 2.4 0.21 Baz 4.15 3.73

Dan 3 4 3 3 4 0.5 3.4 0.98

Mat 4 2 3 4 3 0.8 3.2 -0.83

Gar 4 3 4 4 4 0.4 3.8 -0.75

U
se

rs

Baz 5 1 5 3 3.75 1.7 3.6 -0.74

(2a) (2b)

Fig. 2a. Similarity coefficients computed with default voting capture global rating behavior.
2b) RecTree’s movie recommendations.
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4 Experiments and Performance Analysis
We base our performance study on a comparison with the well-known CorrCF
algorithm. This filter has been demonstrated to be the most accurate of the memory-
based filters [3] and has been incorporated into the GroupLens [10] and MovieLens
recommendation systems [12].

The maxDepth parameter is constrained by 0 to be gnlog2(n/b).  For these
experiments, we found that setting g to a value of two protected the RecTree
algorithm from pathological data distributions while creating partitions efficiently.
The performance analysis shows that this choice not only yields better than quadratic
scale-up, but also improves in accuracy over collaborative filtering on un-partitioned
data.

4.1 The Dataset

The data for this study is drawn from the EachMovie database
(http://www.research.digital.com/SRC/eachmovie/), which consists of more than 2.8
million ratings on 1628 movie titles.  We create a working set that consists of users
who have rated at least 100 items.   For these experiments we create a training set and
test set by randomly selecting 80 and 20 ratings, respectively, from the rating history
of each user in the working set.

4.2 The Offline/Online Execution Time

We present the performance of RecTree and CorrCF under the two regimes we call
off-line and on-line operation.  Off-line processing occurs when the systems require
re-initialization.  The systems train on the rating data and then compute predictions
for all items that the user has yet to rate.  When a user subsequently visits the systems,
a lookup in constant time yields his recommendations.

In on-line processing the systems defer computing predictions; rather than
exhaustively computing all recommendations, only a recommendation for the
requested item is computed.  This is quite often the case when a new user joins a
recommendation service and a complete off-line processing may not be feasible.

The off-line and on-line execution time for RecTree as a function of the number
of users and maximum partition size, b, is shown in Fig. 3 and Fig. 4, respectively.
The experiments were run 10 times for each partition size and the average running
times reported.  RecTree outperforms CorrCF for all partition and dataset sizes tested.

Like other memory-based collaborative filters, CorrCF’s quadratic off-line
performance derives from its exhaustive search for advisors.  In contrast, RecTree
limits its search to within the partitions.  As more users are added to the database,
more partitions are crated to accommodate them.  This strategy allows RecTree to
scale by the number of clusters rather than the number of users.

RecTree’s on-line performance is independent of the number of users already in
the system.  RecTree traverses its branches to locate the cluster closest to the new user
and then takes a weighted aggregate of his advisors’ rating to yield a
recommendation.  Since the cliques are approximately constant in size, the execution
time is independent of dataset size.  In contrast, CorrCF requires a scan of the entire
database to aggregate all of the advisor ratings.  As more users are added to the
system, the cost of the scan increases.
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RecTree’s execution time improves with smaller partitions.  Although the
algorithm spends more time creating the cliques, this cost is more than offset by the
savings in computing the similarity matrices.  Smaller cliques however entail a
reduction in the accuracy that we discuss in the next section.

4.3 The Accuracy Metric – NMAE

A popular statistical accuracy metric is the mean absolute error (MAE) [11] [14],
which is the average absolute difference between the filter’s recommendation and the
user’s actual vote.  Goldberg et al. [4] proposes the normalized mean absolute error
(NMAE), which normalizes the MAE by the rating scale.  The NMAE has an intuitive
explanation; it reflects the expected fractional deviation of predictions from actual
ratings.  The NMAE for a random filter applied to a random user, for example is 0.33
[4], which means that on average, we expect a prediction to be off by 33%.  We use
NMAE to report accuracy.

The accuracy of RecTree as a function of number of users and maximum partition
size, b, is shown in Fig. 5; lower values of NMAE denote higher accuracy.
RecTree’s improvement in accuracy with dataset size is typical of other collaborative
filters.  Larger datasets provide the CF algorithm with more candidates from which to
select good advisors.  The improvement however, is not necessarily monotonic;
adding a batch of poorly correlated users will dilute the influence of existing good
advisors.  This dilution effect is clearly evident in the peak at 400 users; both CorrCF
and RecTree for b<300 users show a drop in accuracy.

RecTree’s accuracy is due in part to the success of the partitioning phase in
localizing highly correlated users in the same partition.  Fig. 6 shows that the average
similarity of advisors for RecTree is always higher than that of CorrCF.  Because of
the high intra-cluster similarity between users, RecTree is less susceptible to the
dilution effect.  At 1400 users in the dataset, CorrCF used an average of 223 advisors
to compute a prediction. In contrast, RecTree for a partition size of 100 users, needed
an average of only 46 highly correlated advisors.
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Fig. 3. Offline performance of RecTree.           Fig. 4. On-line performance of RecTree.
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5 Discussion and Conclusion
In this paper, we describe, RecTree, a new linear CF method that applies clustering
techniques to economically create cohesive cliques.  RecTree achieves better scale-up
in comparison to other memory based collaborative filters by seeking advisors only
within a clique rather than the entire database. In particular, for off-line
recommendation, RecTree scales by O(nlog2(n)) and O(b) for on-line
recommendation, where n is the dataset size and b is the partition size, a constant.

RecTree achieves superior accuracy over CorrCF through default voting and the
amelioration of the dilution effect.  Default voting extends the rating history over
which a similarity metric can be computed and hence improves the accuracy of a
metric in capturing user proximity.  The dilution effect is ameliorated by the high
intra-partition similarity of a clique that acts as a coarse filter to limit the number of
poor advisors that participate in computing a prediction.

Despite these improvements, we may yet be able to achieve higher accuracy by
exploiting RecTree’s hierarchy of cliques.  The current method computes predictions
from only the members of the leaf cliques.  We plan to investigate how the internal
nodes of the RecTree data structure can contribute to even more accurate predictions.

The current implementation of RecTree assumes a single processor.  However,
the RecTree data structure can be easily distributed for parallel computation by a
cluster of processors.  For off-line processing, each branch of the tree can be grown
independently of every other branch by assigning separate processing threads.  For
on-line processing, a thread can be assigned to each leaf node to handle prediction
requests for new users.  A parallel implementation of RecTree will be able to realize a
greater throughput, which may be the subject of future work.
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RecTree is an in-memory algorithm but for very large databases, it may not be an
appropriate recommendation algorithm.  It is the subject of future work to investigate
the extension of RecTree to disk-resident databases with the incorporation of disk-
based clustering algorithms, such as BIRCH [15].
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Abstract. Complex web information structures prevent search engines
from providing satisfactory context-sensitive retrieval. We see that in
order to overcome this obstacle, it is essential to use techniques that re-
cover the web authors’ intentions and superimpose them with the users’
retrieval contexts in summarizing web sites. Therefore, in this paper,
we present a framework for discovering implicit associations among web
documents for effective web site summarization. In the proposed frame-
work, associations of web documents are induced by the web structure
embedding them, as well as the contents of the documents and users’
interests. We analyze the semantics of document associations and de-
scribe an algorithm which capture these semantics for enumerating and
ranking possible document associations. We then use these asociations
in creating context-sensitive summaries of web neighborhoods.

1 Introduction

Hypermedia has emerged as a primary means for storing and structuring infor-
mation. This is primarily visible in continuously proliferating web based infor-
mation infrastructures in corporate and e-commerce organizations. Yet, due to
the continuously increasing size of these infrastructures, it is getting ever diffi-
cult for users to understand and navigate through such sites. Furthermore, these
complex structures prevent search engines from providing satisfactory context-
sensitive retrieval functionalities. We see that in order to overcome this obstacle,
it is essential to use techniques that recover the web authors’ intentions and
superimpose it with the users’ retrieval contexts. Therefore, in this paper, we
present a framework for creating web site summarizations.

When an author or a web designer prepares a web document, he/she would
put intended information not only on in the textual content of a page; but, also
on the link structure of the web site. Thus, the content of web pages along with
the structure of the web domain can be used to derive hints to summarize web
sites. What differentiates our work from similar work in the literature is that,
we propose to use associations between documents in a neighborhood and the
reasons why they are associated in the summarization process. Knowing these
reasons, among other things, is essential in (1) in creating web site maps that
? This work was performed when the author visited NEC, CCRL.
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matches web designers’ intentions and (2) in superimposing the logical structure
of a web site with the context provided by a visitors interests.

In the next section, we describe how to construct of meaningful summariza-
tions of web neighborhoods, which can be viewed and used as a web site map. In
Section 3, we present how to mine web document associations using page content
as well as link structures. In 4, we describe the experiment results for our web
site summarization algorithms, respectively. Finally we conclude this paper with
discussion of future work.

2 Web Site Summarization

In this section, we introduce the web site summarization task and discuss how
to use document associations for this purpose. We see that corporate sites, and
most of the web space, is composed of two types of neighborhood: physical
and logical. The physical neighborhoods are separated from each other through
domain boundaries or directory names. The logical neighborhoods, on the other
hand, are mostly overlapping and they can cover multiple domains or they can be
limited to a part of a single domain. Web designers usually aim at overlapping the
physical neighborhoods of the web site with the logical neighborhoods. However,
as (1) the foci of users may differ from each other, (2) the focus of a single user
may shift from time to time, such a strict design may loose its intended effect
over time.

Physical neighborhoods are usually decided by the URL structures of the
web sites. In [1], we described algorithms to discover logical neighborhoods.
Consequently, in this section, we will assume that a corporate web site, W ,
is already partitioned into its neighborhoods. We denote this partitioning as a
partially ordered lattice W:

– each vertex wi in W is a set of nodes (or a neighborhood) and
– if wj is a child of wi, then wj is a sub-neighborhood of wi; furthermore,

wi ∩ wj = {vij}, where vij is the entry point to sub-neighborhood wj from
neighborhood wi (Figure 1(a)).

Intuitively, the lattice corresponds to a hierarchy of neighborhoods. At the
highest level, we have a neighborhood which consists of high-level corporate
pages and the entry pages of lower neighborhoods. Similarly, each neighbor-
hood consists of a set of high-level pages and the entry-pages of all its sub-
neighborhoods. Consequently, summarization of W involves of two tasks: (1)
identification of which nodes in the partially ordered lattice W will be shown
to the user (i.e., focusing on the neighborhoods) and (2) summarization of each
focussed neighborhood based on user interest (Figure 1(b)). Below, we discuss
these to tasks in greater detail:

2.1 Identification of Focus Neighborhoods

In order to identify the focus neighborhoods, we need to start from the root
neighborhood, w1 ofW. This neighborhood contains, the high-level pages of the
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(a) Entry points (b) Summarization

Fig. 1. The crossed circles denote the entry points of neighborhoods. Each sub-
neighborhood contain one entry point per its parent neighborhoods. Each parent neigh-
borhood includes the entry points of its sub-neighborhoods.

given corporate site along with the entry level pages of it sub-neighborhoods. Let
us assume that we are interested in a predetermined number, k, of focus points in
this top neighborhood. Then, we could rephrase the focus identification problem
in terms of the neighborhood summarization problem:

– In order to identify the k focal points of the neighborhood w1 of W, sum-
marize w1 into a graph of size k. The k remaining pages are in user focus.

– Let us assume that F = {v1, v2, . . . , vk} are the k pages in the summary of
w1. If vi ∈ F is an entry-page of a sub-neighborhood, wi, then repeat the
same process for the sub-neighborhood wi.

Note that the above recursive process allow us to identify the focal points of
a web site. The parameter k is user-dependent and describes how focussed the
user would like to be: smaller values of k correspond to more focussed site maps.
Note also that, this recursive algorithm assumes that given a neighborhood, we
can create a summary of size k. Next, we describe how we can achieve this task.

2.2 Summarization of a Neighborhood

Each neighborhood, wi ∈ W consists of a set of neighborhood pages and
the entry-pages of its sub-neighborhoods. Also, from each of its parent-
neighborhoods, wi is reached through one entry-page (Figure 1). Let us assume
that the set, E , of pages correspond to the entry pages of wi from all its parent-
neighborhoods that are in focus. Then our goal is to summarize the neighborhood
with respect to these entry points as well as the content-description provided by
the user. The summarized neighborhood will give the focussed pages in this
neighborhood and the corresponding connectivity.

In order to summarize a given neighborhood, we first have to identify the
pages that are important. In this case, the entry pages of a neighborhood (from
parents in focus) are relatively important as they will connect the web site maps
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of the neighborhoods. Note also that the entry pages of the sub-neighborhoods
are also important as they will extent the map downwards in the hierarchy, given
that the lower neighborhoods are also in focus.

Therefore, given a neighborhood, wi, the set, E , of focussed entry pages from
its parents, and the set, L, of entry-pages to its sub-neighborhoods, we can create
a set of seed pages (for summary) S = E ∪ L. Then our goal is,

– given the set, S, of seed (entry) web pages,
– potentially a content-description,
– a web neighborhood, GN = wi which contains these seeds, and
– an integer k,

to create a summary, with k pages, of the neighborhood with respect to the
seed pages.

Observation: Since, the web site map is a set of representative nodes in a
web site, the nodes in a web site map needs to satisfy the following criteria:

– High connectivity so that users can navigate from these web site map
nodes to other nodes easily.

– The contents of these web site map nodes need to be representative.

Thus, the nodes selected to form a web site map need to be both structural
and content-wise representative for all pages in a web site. Therefore, we
can use the selected nodes, which describe the association between the pages
in the site, as a summary of a web site and to form a site map.

Therefore, given a graph G(V, E), its undirected version Gu(V, Eu), and
k dominant vertices in V with respect to the given seed vertices S, we can
construct a k-summary Σk

(S)(V
σ, Eσ, δ) of the input graph (δ is a mapping,

Eσ → R+×{left, right, bi, none}, which describes the lengths and directions of
the summarized edges) as shown in Figure 2.

Note that Step 3 of the algorithm requires the identification of the k most
dominant vertices (or the vertices which describe the document associations the
best) in the graph with respect to the seed vertices. These vertices will be the
only vertices used in the summarization (Step 4). Given two dominant vertices, vi

and vj , (to be visualized in the summary) Step 5 of the algorithm first constructs
a temporary graph, Gtemp(Vtemp, Etemp), from the original web graph, such that
no path between vi and vj can pass through another dominant node. Then, it
uses the shortest path, sp(vi, vj), between vi and vj in this temporary graph
to identify edges that are to be visualized to the user. Consequently, a given
edge that is included in the summary denote the shortest path, between two
dominant vertices, that do not pass through other dominant vertices. Hence,
this step eliminates the possibility of inclusion of redundant edges.

Note that, for the identification of shortest paths to be visualized, the path
length can be defined in various ways. One possibility would be minimization
of the number of edges on the path. This would be useful when the aim is to
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1. Let GN (V N , EN ) ⊆ Gu be the neighborhood graph;
2. V σ = ∅; Eσ = ∅;
3. Let K ⊆ VGN be the set of k vertices with the highest dominance values;
4. V σ = K;
5. For each vi and vj ∈ V σ

a) Vtemp = V N − {V σ − {vi, vj}};
b) Etemp = {〈vk, vl〉 | (〈vk, vl〉 ∈ EN ) ∧ (vk ∈ Vtemp) ∧ (vl ∈ Vtemp)}
c) If sp(vi, vj) is the shortest path in Gtemp(Vtemp, Etemp) between vi and

vj then
i. Let the length of the path sp(vi, vj) be ∆
ii. Eσ = Eσ ∪ {e = 〈vi, vj〉};
iii. If vj is reachable from vi in the directed graph G through the vertices

in sp(vi, vj), but if vi is not reachable from vj , then δ(e) = 〈∆, right〉

iv. If vi is reachable from vj in the directed graph G through the vertices
in sp(vi, vj), but vj is not reachable from vi, then δ(e) = 〈∆, left〉

v. If vi and vj are reachable from each other in the directed graph G
through the vertices in sp(vi, vj), then δ(e) = 〈∆, bi〉

vi. If neither vi nor vj is reachable from the other in the directed graph
G through the vertices in sp(vi, vj), then δ(e) = 〈∆, none〉

Fig. 2. Algorithm for constructing a summary

display the user information about the connectivity of the summarized graph.
Once the edges to include in the summary, the sub-steps of Step 5(c) gathers
more information regarding each edge (such as the reachability of the two pages
at the end-points from each other in the inherently directed web) and reflects
this information to the summary in the form of edge labels.

Example 1. Let us consider the graph in Figure 3(a). and let us assume that
we are asked to construct 5- and 7-summaries of it. For this example, let us
also assume that after running an association mining algorithm, we have found
that the seven dominant vertices in this neighborhood (relative to a set of seed
vertices) are A, B, F , E, J , C, and I. For simplicity, let us also assume that
the length of the path is defined using the number of edges on it. Figures 3(b)
and (c) shows the corresponding 5- and 7-summaries of this graph. The labels
of the edges denote the length of the corresponding paths and the arrows on the
edges denote the reachability of the end-points from each other (e.g., an edge
of the form “←→” denotes that both end-points can reach the other one over
the web through this shortest path; whereas, an edge of the form “—” denotes
that neither of the end-points can reach the other one over the web through this
shortest path.

Those entry pages which are still in the map after the summarization are called
focussed entry-pages, and they point to the other logical domains that have
to be further explored and summarized. Therefore, we recursively apply the
summarization algorithm described above for those domains who have at least
one focused entry-page.
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Fig. 3. (a) The web neighborhood in our running example, (b) its web site map with
5 nodes, and (c) its web site map with 7 nodes

3 Finding Document Associations

We now use an example to illustrate the task of idenifying document associations
and overview of our approach.

Example 2. In Figure 4, we show a set of links between two web pages W.Li
and D.Agrawal (both are highlighted in the figure). The purpose of each web
link is indicated as its label in the figure. For example, W.Li graduated from
Northwestern University; whereas D.Agrawal and P.Scheuermann both gradu-
ated from SUNY. Based on this link structure, if we want to find the association
between W.Li and D.Agrawal pages, the link structure connecting W.Li and
D.Agrawal are useful clue for mining. Below, we enumerate some associations
that are embedded in this graph:

– Association 1: Web8 paper page appears in a path of distance of 2 connecting
the pages W.Li and D.Agrawal. Therefore, W.Li and D.Agrawal may be
associated due to a co-authored paper.

– Association 2: Y.Wu page is on two paths related to NEC Research Labora-
tories, each of distance 4. W.Li and D.Agrawal may be associated due to the
fact they both supervised Y.Wu at different occasions or they participate in
the same project at NEC.

– Association 3: WOWS’99 and ACM DL’99 pages appear on a single path of dis-
tance 3. Such an association can be interpreted as that W.Li and D.Agrawal
are participating in the same conference (e.g. presentation or program com-
mittee members).

The above example shows that the following two intuitions, along with the
actual content of the pages, can generally be used to identify why a given set of
pages are associated:
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Fig. 4. Link structure associating the web documents W.Li and D.Agrawal

1. Pages on a shorter path between the W.Li and D.Agrawal pages
are stronger indicators than others to reflect why the W.Li and
D.Agrawal pages are associated.

2. Pages which appear on more paths should be stronger indicators
than others to reflect why the W.Li and D.Agrawal pages are as-
sociated.

Note that a page with a higher connectivity (i.e. more incoming links and
outgoing links) is more likely to be included in more paths; consequently, such
a page is more likely to be ranked higher according to the above criteria. This
is consistent with the principle of topic distillation[2,3]. On the other hand, a
page with a high connectivity but far away from the seed URLs may be less
significant to represent the associations than a page with low connectivity but
close to the seed URLs. A page which satisfies both of the above criteria (i.e.
near seed URLs and with high connectivity) would be a good representative for
the association.

Obviously, the distance between two pages can be defined in various ways.
In the simplest case, the number of links between two pages can be used as the
distance metric. On the other hand, in order to capture the physical as well
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as logical distances between pages, we use different distance metrics capable of
capturing document contents as well as user interests.

Based on this motivation, we use a novel framework for mining associations
among web documents using information implicitly reflected in the links con-
necting them, as well as the contents of these connecting documents. We develop
a web mining technique, based on a random walk algorithm, which considers
three factors: (1) document distances by link; (2) connectivity; and (3) docu-
ment content. Consequently, instead of explicitly defining a metric, we choose a
set of random walk parameters that will implicitly capture the essence of these
observations. The details and the complexity of this algorithm has been ana-
lytically and experimentally studied in [4]. In the next section, we present the
experimental results on Web site summarization.

3.1 Comparison with Other Approaches

Note that the well-known algorithm topic distillation [2,5,6] could be a natural
choice for summarization purposes. However, we observe that the behavior of
the topic distillation algorithm may not be as good as our document associa-
tion based approach in the scope of summarization tasks. The reason is that the
topic distillation algorithm aims at selecting a small subset of the most “author-
itative” pages and ”hub” pages from a much larger set of query result pages.
An authoritative page is a page with many incoming links and a hub page is
a page with many outgoing links. Such authoritative pages and hub pages are
mutually reinforcing: good authoritative pages are linked by a large number of
good hub pages and vice versa. Because the important pages are mutually rein-
forcing, the results tend to form a cluster. For example, there are many on-line
HTML papers at www-db.stanford.edu. These papers consist of a number of
pages linking to each other. By using the topic distillation algorithm, most of
these pages are selected while many individual home pages are left out; this is
not suitable for the purposes of summarization. On the other hand, our algo-
rithm uses the concept of seed nodes which focus the summarization process,
based on the web site structure as well as the user focus. Nodes selected after
summarization are those nodes that explain why the seed nodes are related.
Therefore a good choice of seed nodes (in our case, the entry-nodes of logical
domains) leads into a good and meaningful summarization. Thus, a document
association based approach is more suitable for the purpose of summarization.
Researchers in the AI community have developed Web navigation tour guides,
such as WebWatcher[7]. WebWatcher utilizes user access patterns in a particular
Web site to recommend users proper navigation paths for a given topic. User
access paterns can be incorporated into the random walk-based algorithm to
improve the document association mining.

4 Experiments on Web Site Map Generation

We have conducted a set of experiments on www-db.standford.edu, which has
3040 pages and 12, 581 edges. The average number of edges per pages is 3.5. The



160 K.S. Candan and W.-S. Li

Table 1. Summarization results: (a) root domain and (b) a subdomain

Score URL
0.124 /LIC/LIC.html
0.110 /LIC/mediator.html
0.032 /people/
0.031 /˜gio/
0.018 /˜wangz/
0.018 /˜jan/watch/intro.html
0.016 /tsimmis/
0.016 /˜danliu/
0.015 /cs347/
0.015 /LIC/
0.015 /˜widom/
0.014 /˜wilburt/
0.014 /˜chenli/
0.013 /˜ullman/
0.012 /CHAIMS/
0.012 /˜echang/
0.012 /˜cyw/
0.012 /˜crespo/
0.012 /˜cho/
0.012 /˜sergey/

Score URL
0.015 /pub/gio/CS545/image.html
0.011 /pub/gio/1999/Interopdocfigs.html
0.011 /pub/gio/biblio/master.html
0.011 /pub/gio/CS99I/library.html
0.010 /pub/gio/1994/vocabulary.html
0.009 /pub/gio/CS99I/ubi.html
0.009 /pub/gio/CS99I/entedu.html
0.009 /pub/gio/CS99I/health.html
0.008 /pub/gio/CS99I/wais.html
0.007 /pub/gio/CS99I/security.html
0.006 /pub/gio/CS99I/refs.html
0.005 /pub/gio/gio-papers.html
0.005 /pub/gio/inprogress.html
0.005 /pub/gio/
0.003 /pub/gio/paperlist.html
0.003 /pub/gio/CS99I/description.html
0.003 /pub/gio/CS99I/background/Cairn......
0.003 /pub/gio/CS545/
0.003 /pub/gio/CS99I/copyright.html
0.002 /pub/gio/CS545/indexing/

(a) (b)

experiments were ran on a 500MHz Pentium Architecture Linux OS PC with
128 MB of RAM. Using this setup, we have conducted a set of experiments to
validate the web site summarization algorithm presented in this section. Here,
we report on the main findings using one example case:

We asked our system to summarize the www-db.standford.edu domain, with
respect to a context defined as “publication or paper”. We also asked our system
to give higher importance to more recently updated pages. First of all, our system
identified 42 logical domains among 3040 pages. Then, we used the algorithm
described in this paper, to recursively summarize this logical structure with
respect to the defined context.

The algorithm started by summarizing the root logical domain which consists
of all the entry-pages of the logical domain in the second level and the all the
page in root logical domain, where www-db.stanford.edu is the entry page. Thus,
1584 pages are included for the experiments. The result of this summarization,
using a radius of 2, is shown in Table 1(a) (we omit the summarized edge to
simplify the discussion). Note that most of these pages are actual home pages
and entry pages to the lower level logical domains. This was due to the fact
that only these home pages are relevant to the focused keywords papers and
publications and their edges are assigned with a lower cost. Thus, the algorithm
prefers to ”walk” through these pages over other 1400 pages. Some pages, such as
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www-db.stanford.edu/LIC/ and www-db.stanford.edu/LIC/mediator.html,
in the root logical domain are included due to its high connectivity.

Next, the algorithm recursively visited the nodes in this domain. Here we
report on one of the largest subdomains, i.e., http://www-db.stanford.edu/˜gio/,
(793 pages). When summarized with the proposed algorithm, the resulting graph
contained the pages shown in Table 1(b). Note that these pages are either publi-
cation oriented pages, or they are linked to many pages with publication content:
actual publication pages are omitted from the summarization to give place to
pages which connect to many publication pages, allowing easier access to more
information while browsing the web.

5 Conclusion

Hypermedia has emerged as primary means for structuring documents and for
accessing the web. In this paper, we present a framework for site map construc-
tion and web page summarization. For this purpose, we introduce a random
walk algorithm for mining implicit associations among web documents, induced
by Web link structures and document contents. Link information has been used
by many search engines to rank query results as well as finding relevant docu-
ments and web sites. We compare and contrast our random walk algorithm with
other existing work, such as various topic distillation techniques.
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Abstract. High-dimensional data can be visualized and analyzed with
the Self-Organizing Map, a method for clustering data and visualizing it
on a lower-dimensional display. Results depend on the (often Euclidean)
distance measure of the data space. We introduce an improved metric
that emphasizes important local directions by measuring changes in an
auxiliary, interesting property of the data points, for example their class.
A Self-Organizing Map is computed in the new metric and used for vi-
sualizing and clustering the data. The trained map represents directions
of highest relevance for the property of interest. In data analysis it is
especially beneficial that the importance of the original data variables
throughout the data space can be assessed and visualized. We apply the
method to analyze the bankruptcy risk of Finnish enterprises.

1 Introduction

Visualization of complex, multidimensional data sets is a fundamental part of
exploratory data analysis. There exist a wealth of alternative methods from
icon-based techniques to projection techniques (see e.g. [13,3]). In this paper we
use the Self-Organizing Map [16,17], a method that has good properties of both
projection and clustering methods: it reduces the dimensionality of a data set by
visualizing it on a lower-dimensional display, and reduces the amount of data by
representing them with a smaller number of models ordered on a discrete map
lattice.

We present a solution to a particular problem in data exploration: The results
of all visualization methods depend on the original representation of the data,
i.e., the variables or features chosen to describe the data objects, and their rela-
tive scaling. The representation is not unique, and the analyst must decide which
features of the data are important for the analysis. The solution we present is a
measure of similarity, a metric, of the data space that removes the nonuniqueness
and concentrates on measuring the important changes (to be made exact later)
in the data. The new metric is particularly well-suited for the Self-Organizing
Maps but should be useful at least for other kinds of projection methods.

In some tasks there exists additional, indirect information that can be used to
fix the representation. Here we study one such setting, that of multivariate con-
tinuous data, the primary data, associated with a discrete variable, the auxiliary
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data. We assume that the discrete variable is so fundamental for the problem
at hand that all the interesting variation of the real-valued data is reflected in
the discrete variable. In this paper we will define distances in the primary data
space in terms of how much the interesting auxiliary data changes.

Technically, we will estimate the changes in the auxiliary data by an estimator
of its conditional density given the primary data, and derive a local distance
measure based on the Fisher information matrix. A Self-Organizing Map (SOM)
will be trained in this new metric. Then the SOM will only describe variation
which is meaningful from the viewpoint of the interesting, auxiliary variable.

In a case study, we will visualize the variation of financial indicators of Finnish
companies that is associated to their bankruptcy risk, a task into which SOMs in
Euclidean metrics have already been applied ([14],[15]). The SOM will be used to
graphically display essential properties of the data set, namely the distribution
of bankruptcy risk among the companies together with their characterization
in terms of the financial indicators. It will also be used in visualizations of the
factors affecting the bankruptcy sensitivity of different kinds of companies. Our
methods are general in the sense that they can be applied to any kinds of mul-
tivariate data with an associated discrete variable.

2 The Self-Organizing Map

The Self-Organizing Map (SOM) [16,17] is a tool that can be used for creat-
ing overviews of data sets. The SOM can be visualized as a graphical display
on which the data are projected non-linearly in an ordered fashion: close-by
locations represent data that are similar in the multidimensional data space.
The order of the data items on the map then reveals their mutual similar-
ities that have been “hidden” in the possibly large amount of high dimen-
sional data. The same display can be used for visualizing additional prop-
erties of the data such as its clusteredness and the distribution of the val-
ues of the original data variables. Over 4000 scientific papers have already
been written on the SOM (http://www.cis.hut.fi/research/som-bibl/;
cf. [11]). Here we will concentrate on describing only the proper-
ties most relevant to our work on metrics and visualizations. The
starting point of SOM-based data analysis is a set of multivariate
continuous-valued data items (equivalently, observations or records), denoted
by the data vectors xk, k = 1, . . . , N . The SOM is a regular map lattice on
which a model vector mi is attached at regularly spaced positions. An example
where the models have been attached onto a hexagonal two-dimensional lattice
is shown in Figure 1. The dimensionality of the model vectors and the data vec-
tors is the same, and for visualization purposes the lattice is usually chosen to
be two-dimensional.

The data set can be visualized on the SOM display by projecting each sample
xk onto the location of the map lattice that corresponds to the closest model
vector. As a result of the SOM algorithm the set of the model vectors represents
the distribution of the data in an ordered fashion: model vectors that are close-
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by on the map lattice are close-by in the data space as well. Therefore also the
projection of the data on the map is similarly ordered. The two-dimensional map
lattice can intuitively be thought of as an “elastic network” that is being fitted to
the input data. Each model vector determines the location of the corresponding
node of the network in the input data space. The network tries to follow the
distribution of the input data while remaining organized in the sense that model
vectors at neighboring positions on the map lattice are close to each other.

Input: xk

Neighboring models

Closest model

Fig. 1. The Self-Organizing Map consists of a set of model vectors, depicted here as
bar graphs where each bar corresponds to one component. The models are attached
onto a map lattice at regularly spaced intervals. A sample map display is shown in the
lower left corner, and the enlarged portion shows the map lattice that underlies the
bottom left corner of the map display. The arrow illustrates the projection of the input
vector xk to the SOM, and the hexagon denotes the neighborhood of the closest model.

In the stochastic version of the SOM algorithm the model vectors are es-
timated in an iterative process. At each step of the iteration one data vector
x, i.e., a multidimensional observation, is chosen with replacement. The closest
model vector, defined by the expression

‖x − mc‖ ≤ ‖x − mi‖ ∀i , (1)

is then searched for. Here c = c(x) indexes the closest model vector. The norm
is usually Euclidean; in Section 4 we will introduce a new kind of a metric.

After the closest model has been found it is modified towards the current
input to make the model represent the input better. When this process is iter-
ated, each time randomly choosing a new observation, the different model vectors
gradually begin to specialize in representing different types of observations.

The algorithm described so far is essentially a stochastic version of the well-
known K-means clustering approach. What distinguishes the SOM from the
K-means is that in addition to the closest model the neighboring models are
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updated as well. The neighborhoods are defined in terms of closeness on the map
lattice as demonstrated in Figure 1. The update of the neighboring models can be
expressed in a general form by introducing a neighborhood kernel hci which is a
decreasing function of the distance between the lattice points i and c. The kernel
determines how much the model vector indexed with i will be modified when
the model vector c is closest to the current observation x. Using this notation
the modification at step t of the stochastic iteration can be expressed as

mi(t + 1) = mi(t) + hc(x),i(t) (x(t) − mi(t)) . (2)

When the iterative process defined by the equations (1) and (2) is continued,
model vectors that are attached to neighboring positions on the map lattice
gradually become similar. The process forms a neighborhood preserving mapping
of the lattice into the input space.

During the stochastic approximation the length of the step, α(t), decreases
gradually towards zero. In equation (2) the length is incorporated into the neigh-
borhood function h(t) = α(t)h′(t).

To guarantee global organization of the map the “width” of h will be made to
decrease as well. It is advisable to start the learning with a wide neighborhood
function which narrows rapidly. After that the final values of the model vectors
can be estimated using a narrower neighborhood function.

More details of alternative versions of the SOM and other ways of computing
the model vectors can be found in [17].

3 The Learning Metric

Assume now that there is auxiliary data available about the primary data x.
It is assumed that changes in the auxiliary data are important, and hence the
factors or directions in the primary space that correspond to the changes are po-
tentially important as well. In this section we will derive a metric that measures
distances in the primary data space as changes in the auxiliary data. Techni-
cally speaking, the set of available data consists of paired values of two random
variables. Our aim is to extract the variation of continuous-valued multivariate
data xk which affects another, discrete variable with values ck. In our case study
of bankruptcies, ck is binary-valued and indicates whether an enterprise goes
bankrupt within the next three years, and the xk are feature vectors derived
from financial statements.

To operationally define the variation of x affecting c, we need a model of their
mutual dependence. Here we have used a Gaussian mixture model to estimate
the conditional probabilities p(c|x) (details in the end of this Section).

The model of the conditional probabilities will be used for measuring the
effect of the variation of x on c. The amount of variation will be the distance
measure (metric) of the data space.

In principle the distance between a pair of input samples x and x′ could be
measured by the difference between the distributions of c, given x and x′. Such a
distance measure might be sometimes useful, but it has two disadvantages. First,
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if based on the Kullback-Leibler divergence, it is not symmetric and therefore
not a metric. Second, in such a metric all points having similar conditional
distribution would be close to each other irrespective of where they are in the
original data space. Different factors may, however, be important at different
locations of the data space. Often we are interested in measuring local changes,
for example measuring which factors most affect the bankruptcy probability of
a certain kind of a company.

Because of these drawbacks of the straightforward application of the
Kullback-Leibler divergence, and because it will turn out that only local dis-
tances are really needed in computing a SOM, we resort to measuring distances
by local changes of the estimates p̂(c|x). The differentiability of p̂(c|x) with re-
spect to x is naturally assumed.

A classic result [18] states that the local Kullback-Leibler distances can be
measured using the Fisher information matrix. We define the (squared) distance
by the localized Kullback-Leibler distance, expressed as

d2(x,x + dx) ≡ D(p̂(c|x)‖p̂(c|x + dx)) = dxT J(x)dx , (3)

where

J(x) = Ep̂(c|x)

{(
∂

∂x
log p̂(c|x)

) (
∂

∂x
log p̂(c|x)

)T
}

(4)

is the Fisher information matrix and Ep̂(c|x) denotes expectation over the possible
values of C, conditioned on x. (The local distance measure is sufficient for our
purposes. It can be extended into a global Riemannian metric, defined as minimal
path integrals of the local distances [1,12,19]. The computation of such path
integrals is, of course, non-trivial.)

Note that the Fisher information matrix was originally defined to measure
how changing model parameters affects the probability distribution produced by
the model [20]. Here, in contrast, we measure how a movement in the data space
affects the conditional probabilities p̂(c|x). Hence x has the role originally given
to model parameters. In the new metric, all movements of equal (infinitesimal)
length produce equally large effects in p̂(c|x) as measured by the Kullback-Leibler
divergence.

3.1 Metrics from a Mixture Density Model

For estimating p(c|x), plenty of alternative methods are available (for reviews
see e.g. [8,21]). In this paper we do not search for the best possible estimator but
resort to the Mixture Discriminant Analysis 2 [6] (MDA2; cf. also [7]), a version
of the classic generative Gaussian mixture model that originally estimates the
joint density of a discrete and a continuous multidimensional variable. The model
is

p̂(ci,x) =
∑

j

πjξjibj(x; θj) (5)
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where the bj are spherically symmetric Gaussian basis functions of a common
width σ, and the πj and ξji are parameters with

∑
j πj = 1 and

∑
i ξji = 1. By

applying the Bayes rule, we obtain an estimate of the conditional density p(c|x):

p̂(ci|x) =

∑
j πjξjibj(x;θj)∑

j πjbj(x; θj)
. (6)

The model (5) is a mixture of component probabilities ξjibj(x; θj) that cor-
respond to Gaussian distributions, one of which is picked to generate each data
sample. It can be shown that under this model the distances (3) become

σ4d2(x,x + dx) =

Ep̂(c|x)

{[
dxT

(
Ep(uj |x,ci;θj){θj} − Ep(uj |x;θj){θj}

)]2}
, (7)

where the uj are values of a multinomial random variable U that indicates which
of the components in the mixture has generated x and c. The parameter σ
governs the width of the Gaussians and therefore the smoothness of the resulting
estimates. The parameters πj , ξji, and θj can be estimated from the data by
the EM algorithm [4].

4 Self-Organizing Maps in the Learning Metric

As discussed in Section 2, the SOM algorithm consists of iterative application of
two steps: finding the closest model vector (1) and updating it and its neighbors
on the map (2). These two steps should now be modified to use the new metric
instead of the Euclidean metric. When searching for the closest model vector
we use the local approximation (3), computed around the data sample x(t).
It is implicitly assumed that the approximation is locally accurate enough to
preserve the identity of the winner, which is reasonable since the winner and
its competitors are usually close to the data sample. There may be occasional
errors in the winner search, and therefore the ultimate test for the validity of the
assumption is whether the algorithm works for real-world data. This is tested in
Section 5.

The winning unit is the unit c, for which

d2(x,mc) ≤ d2(x,mi) (8)

for all i. The distance d is given in (7).
In the second step of the SOM algorithm the winner and its neighbors are

updated into the direction where the distance d2(x,mi) decreases most rapidly,
and proportionally to the magnitude of the change. In the Euclidean metric, the
update is given by the gradient of the (squared) distance. The steepest descent
in the new metric, which is technically a Riemannian metric, is expressed in the
original coordinates of the X-space by the so-called natural gradient [2], which
can be shown to be here

J−1(x)
∂

∂mi
d2(x,mi) = 2(mi − x) . (9)
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Assuming that x and mi are close to each other, (9) coincides with the direction
of the shortest path from x to mi.

In conclusion, the update rule in the new metric is the same as in the Eu-
clidean SOM, (2). The difference lies in the definition of the winner, (8), where
the distance measure is defined by (7). Note that the Fisher information matrix
need not be formed explicitly in computing the distance; the complexity of the
distance computation is of the order of the dimensionality of the data times the
number of possible values of c times the number of mixture components.

5 Data Analysis and Visualization

We applied the methods described in the previous sections to the task of visualiz-
ing and analyzing the bankruptcy risk of Finnish enterprises. We will first verify
that a SOM in the new metric is more accurate in modeling the bankruptcy risk
than a SOM in the Euclidean metric, and after that demonstrate how SOMs in
the learning metric can be used for visualizing useful properties of the data. In
this section we will call a SOM computed in the Euclidean metric SOM-E, and
a SOM computed in the learning metric SOM-L. The primary data consisted of
6195 yearly financial statements given by Finnish small-to-medium-size compa-
nies. For each statement, 23 financial indicators were used. The auxiliary data
was binary, indicating whether the company went bankrupt in three years or
less.

The data was divided into roughly equal-sized training and test sets. PDF
estimates were constructed for the training set with the MDA2 model having 10
mixture components. SOMs of the size of 20×10 units were then trained in the
original Euclidean metric and learning metrics derived from the PDF estimates.

5.1 Accuracy of the SOM in the New Metric

To verify the goodness of a trained SOM quantitatively, we measured how well
it represented the probability of bankruptcy in the input space. Each SOM unit
can be used to represent and visualize the probability in one region of the input
space (see Fig. 3). The accuracy of the representation can be measured as the
likelihood of data within the region, that is, within the map unit. The overall
goodness measure will be the average over map units.

If the SOM represents bankrupt risk well, then the measure will be close to
the likelihood obtained directly from the PDF estimate that was used to form
the metric. The likelihood of the PDF estimate will in general be an upper limit
to the likelihood of the SOM, since the SOM projects the data to a finite number
of units in order to visualize the data.

The likelihoods for the SOM-E and SOM-L are shown in Figure 2 as functions
of σ, which controls the smoothness of the density estimates. The SOM-L clearly
outperforms SOM-E. The difference becomes small for small σ; then the estimate
and the resulting metric are probably uneven. Representation by the SOM-L
therefore retains more of the probability density structure than representation
by the SOM-E.
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Fig. 2. The accuracy of the SOMs computed in the Euclidean metric (SOM-E) and
in the learning metric (SOM-L) in representing the bankruptcy risk, measured by the
likelihood of data projected to best-matching SOM units. The PDF is estimated by a
Gaussian mixture with 10 mixture components. The curve marked by “PDF” provides
an approximate upper limit: it is the likelihood of unprojected data. The curve marked
by “a priori” is the lower limit of sensible results, given by the best constant estimates.
The parameter σ governs the smoothness of the PDF estimates.

5.2 Visualizations for Exploratory Data Analysis

Each company has a location on the SOM display, and the similarity relation-
ships of the companies can be visualized by displaying their names on the lattice.
Several additional visualizations are possible. The first is to plot the value of the
location-conditional bankruptcy probability on the SOM. This can be done in
two ways: one can plot the probability given by the PDF estimate at the location
of the map units. One can also directly plot the ratio of bankruptcy-prone and
healthy companies at each map unit. The problem with the latter case is that
the estimate is very noisy since the number of bankrupt companies is relatively
small (77 in the training and 62 in the test set!).

Companies that went bankrupt are represented by a single area on the map
(Fig. 3). Companies that did not go bankrupt form two separate areas, one on
either side of the bankruptcy-bound companies. This could indicate that there
are two separate subclasses of companies that avoid bankruptcy.

One can also visualize the values of each input feature (financial indicator)
at the map units to inspect which kinds of companies are situated close to the
bankruptcy zone. Three sample indicators are plotted in Figure 4. The indicators
change in an intuitive manner: The profitability indicator and capital structure
indicator decrease near bankruptcies. The liquidity indicator exhibits more com-
plex behaviour, although it too decreases near bankruptcies. The SOM-L displays
are more unimodal and well-ordered than the SOM-E displays: this may be be-
cause the SOM-E also represents data properties unimportant for bankruptcy
risk.

A third possible kind of visualization is to plot for each map unit the con-
tributions of the original variables in the metric or, equivalently, to the changes
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a b c d

Fig. 3. The separation of bankruptcy-prone and healthy companies on the SOMs. a
and c: The estimate of the probability of bankruptcy at each map unit in a SOM-L and
c SOM-E. The estimate is the posterior density of the Gaussian mixture model at σ =
0.3145. The darkest shade denotes probability 0.002; the lightest denotes probability
0.119. The actual relative frequency of bankruptcies in the test set for each map unit is
shown in b for SOM-L and in d for SOM-E. White: no bankruptcies, black: two thirds
of all companies have gone bankrupt.

a b c

d e f

Fig. 4. The values of three financial indicators on (a-c) SOM-L and (d-f) SOM-E. An
index of (a and d) profitability; (b and e) capital structure; (c and f) liquidity. The
value of the smoothness parameter was σ = 0.3145.
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a b c

Fig. 5. The relative importances r2
l (x) of the same indicators as in Fig. 4 to the change

in bankruptcy risk, shown as gray levels on the map display. An index of (a: scale from
0.007 to 0.080) profitability; (b: scale from 0.0002 to 0.215) capital structure; (c: scale
from 0.001 to 0.013) liquidity.

in the bankruptcy probability. The contribution of variable l to the metric at x
can be computed as

rl(x) =

√
eT

l J(x)el∑
m eT

mJ(x)em
, (10)

which is the relative amount of scaling in the direction of the axis correspond-
ing to the lth variable. Here el denotes the unit vector having the direction
of the lth axis. If changing an input variable greatly increases the distance to
the original location in the learning metric, then the input feature is important
for bankruptcy risk near that location. For the original Euclidean metric, the
relative importances are of course equal everywhere.

The three indicators shown in Figure 5 exhibit different behaviour near the
bankruptcy zone. The importance of the profitability indicator decreases toward
the bankruptcy zone, while the importance of the liquidity and capital structure
indicators increase. The profitability indicator behaves in a similar fashion on
both sides of the bankruptcy zone, but the importance of the capital structure
and liquidity indicators remains small on one side. The presence of such nonlinear
effects suggests that the use of nonlinear metric transformations is justified.

Other visualizations besides the ones shown here are also possible. One can
visualize the overall amount of scaling at map units, which shows how stable
those locations are. When the overall scaling is large, even small changes in the
financial statements can have a large effect on bankruptcy risk. One can also plot
the entire metric transformation matrix at various map units, in order to further
visualize connections between the importance of the original input features.

If time series data is available, one can plot trajectories of data points on
the map, and see how the financial statements change for different types of
companies (cf. [15]). In the learning metric, it is also possible to plot trajectories
of how the relative importance of different features changes over time.
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6 Discussion

We have introduced a method for extracting interesting variation from data
by learning a metric into the data space. The changes in the distribution of
an auxiliary discrete variable, occurring in pairs with the primary data, are
assumed to indicate interestingness. In addition, we have described how Self-
Organizing Maps can be computed in the new metric to visualize the extracted
features. In the case study, the method produced more accurate descriptions
of the bankruptcy probability of companies than a SOM computed in the Eu-
clidean metric. All the visualizations were smooth, and companies with a high
bankruptcy risk became clearly separated from the rest. Thus the new metric
was regular enough to retain the organization and visualization capabilities of
the SOM while highlighting those aspects of the data that were relevant for the
bankruptcy risk.

According to our knowledge the principle is new. Works with aspects from our
approach exist, however. Jaakkola and Haussler [10] induced a distance measure
into a discrete input space using a generative probability model. The crucial
differences are that they do not use external information, and that they do not
constrain the metric to preserve the topology. Hoffman [9] has also generated a
metric based on a probability model.

More generally, our work is related to nonlinear projection (dimensionality-
reducing) mappings. Various cost functions are used by these, including the mu-
tual information [5,22]. Unlike in a standard separate feature extraction stage,
however, the change of the metric in our method defines a manifold which cannot
in general be projected to a Euclidean space of the same or lower dimensional-
ity. Therefore, no dimensionality-preserving or dimensionality-reducing mapping
with the same local properties exists which means that the change of the metric
is a more general operation than feature selection by a dimensionality-preserving
(or dimensionality-reducing) nonlinear mapping. Moreover, defining the metric
in the original data space makes the results directly interpretable in terms of the
original data variables.

Acknowledgments. The authors would like to thank Finnvera Ltd. and par-
ticularly Pentti Bergius for the data set, Kimmo Kiviluoto for his help regarding
its interpretation, and the Academy of Finland for financial support.
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Abstract. We present a framework for visualizing remote distributed
data sources using a multi-user immersive virtual reality environment.
DIVE-ON is a system prototype that consolidates distributed data
sources into a multidimensional data model, transports user-specified
views to a 3D immersive display, and presents various data attributes
and mining results as virtual objects in true 3D interactive virtual reality.
In this environment, the user navigates through data by walking or fly-
ing, and interacts with its objects simply by “reaching out” for them. To
support large sets of data while maintaining an interactive frame rate we
propose the VOLAP-tree. This data structure is well suited for indexing
both levels of abstraction and decomposition of the virtual world. The
DIVE-ON architecture emphasizes the development of two main inde-
pendent units: the visualization application, and the centralized virtual
data warehouse. Unlike traditional desktop decision support systems,
virtual reality enables DIVE-ON to exploit natural human sensorimotor
and spatial pattern recognition skills to gain insight into the significance
of data.

1 Introduction

The recent rapid development of data mining is a response to the fact that tech-
nology enables data collection, classification and storage at a rate far exceeding
that with which we can analyze it [10]. To better support the operations usually
associated with data analysis and mining, researchers have developed the concept
of a data warehouse [11] to model voluminous data in a way that promotes the
transformation of information into knowledge. Since vision is by far the human’s
most predominant sense, many researchers have targeted visualization as the
means by which data is presented for analysis [3,7,15,16]. Our proposed system
DIVE-ON (Datamining in an Immersed Virtual Environment Over a Network)
takes visualization a step further by leveraging the human natural skills within
an environment that simulates natural settings. Using the sensorimotor skills
gained at childhood, one maneuvers through the natural world and acquires
spatial knowledge almost unconsciously. To support such natural skills, we have
constructed an Immersed Virtual Environment (IVE) that uses motion-trackers
to acquire movement data, and then simulate the kinesthetic feedback through
image transformation. This provides the user with a correlation between orien-
tation and movement, to support a navigation interface that is transparent and
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highly capable in examining spatial correlations [3,15]. DIVE-ON combines ad-
vances in virtual reality (VR), computer graphics, data mining, and distributed
data warehousing into one flexible system that can be used effectively with little
or no training.

DIVE-ON constructs a virtual data warehouse from a set of distributed
DBMS systems. Information needed during a visualization session is communi-
cated between the visualization module and the virtual data warehouse as XML
documents using CORBA or SOAP technologies. The data warehouse uses a
global schema that describes the location of the information needed for building
an N-dimensional data cube or any of its subsequently derived subsets. Once the
immersed user specifies a particular view, the warehouse queries the individual
sources, assembles the resultant cuboid as an XML document, and forwards it
for visualization. Here we also present the VOLAP-tree (Visual OLAP tree), a
special data structure designed to address the demands for real-time rendering
and interactive OLAP operations through the recursive spatial decomposition
of the materialized “OLAP regions.”

Abstractly, DIVE-ON consists of three task-specific subsystems. Figure 1
shows the various layers comprising the complete system, from the data sources
to the visualization environment. The first subsystem is the Virtual Data Ware-
house (VDW) (see Figure 7), which is responsible for creating and managing
the data warehouse over the distributed data sources. The second subsystem is
the Visualization Control Unit (VCU), which is responsible for the creation and
the management of the immersed virtual environment (IVE) to insure that the
”reality” in virtual reality is not compromised (Figure 1 (3), details in Figure
5).

Distributed
databases

Federated
N-dimensional
data warehouses

Local 3-dimensional
data cube

CAVE Immersed
user

1 2 3 4InteractionVisualizationCommunicationConstruction

CORBA+XMLCORBA+XML

Virtual Warehouse VCU UIM

Distributed
databases

Federated
N-dimensional
data warehouses

Local 3-dimensional
data cube

CAVE Immersed
user

11 22 33 44InteractionVisualizationCommunicationConstruction

CORBA+XMLCORBA+XML

Virtual Warehouse VCU UIM

Fig. 1. The three components of the DIVE-ON system

The User Interface Manager (UIM) (Figure 1 (4), details in Figure 4) han-
dles the direct application-control interaction as well as the automatic interaction
that provides the kinesthetic feedback for navigation and aggregate manipula-
tion. Inter and intra subsystem data exchange is provided by a set of specialized
interfaces which implement specific protocols to guarantee extendibility and sub-
system independence. This communication takes the form of client and server ap-



176 A. Ammoura, O. Zäıane, and R. Goebel

plications, using both Common Object Request Broker Architecture (CORBA)
over TCP/IP and Simple Object Access Protocol (SOAP) over HTTP.

The rest of this paper is organized as follows. Our immersive display technol-
ogy is presented, loosely corresponding to a CAVE. We include our motivation
for using this environment, and virtual reality in general. We then present the
software architecture of the Virtual Data Warehouse(VDW), and explain how
the XML-based (XMDQL) queries are created and distributed amongst the var-
ious data sources.

2 Working in a CAVE

While information gathering and data warehouse management can be done from
any location, the actual visualization experience takes advantage of the state-
of-the-art virtual reality environment that is formally known as the CAVE c©
theater. CAVE is a recursive acronym (Cave Automatic Virtual Environment)
[5], and refers to a visualization environment that utilizes tracking devices along
with, up to six, large display screens. Our version places the user within three
(9.5 X 9.5) feet walls (Figure2). Each of these walls is back-projected with a high-
resolution projector that delivers the rendered graphics at 120 frames per second
(Figure3). To simulate the way we perceive depth, the frame rate is divided into
a left-eye channel and a right-eye channel (60 frames per second each). These
two channels are synchronized with light weight shutter glasses that the user
wears to create what is known as stereoscopic graphics.

T1 

T2 
Left 

Front 

Right 

VCU 

VCU VCU 

Fig. 2. A CAVE user within the three back-projected walls. T1, T2: The head and
hand-held tracker data stream respectively (Real-time)

Using this type of environment for visualization over a desktop is justified
by two psychophysical experiences; immersion and presence [3]. Regardless
of how realistic the desktop graphics appear, the user is merely “looking at” a
computer-determined point of view [15]. But within the walls of the CAVE the
user is presented with an egocentric frame of reference which effectively immerses
the user into VR. Standing at the center of the CAVE, the available field of view
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is a user-centric 270 degree angle. Users can span this view just as they would
in a natural setting, by simply turning their heads [5]. Presence is the sense
of “being there” and is enhanced by simulating the kinesthetic feedback gained
while walking through a scene [11]. The user’s head location and orientation
within the three walls are monitored via a light-weight head tracker. The tracking
information is used to update the views using the magnitude and direction of
the user’s most recent motion vector. Presence is also enhanced by the use of
a hand-held wand that is used to perform OLAP operations, probe the data
objects, control the environment, and navigate the IVE.

Immersion and presence, when enhanced by peripheral vision and depth per-
ception, are important factors that help improve situational awareness, context,
spatial judgment, and navigation and locomotion [15]. As argued by Pauline
Baker [3], these factors makes navigation within a 3D model world practically
natural, and dramatically easier than trying to maneuver around three dimen-
sions using 2D-based desktop controls. Since explorative visualization should be
thought of as a task driven and not a data driven process, the next section illus-
trates how our virtual objects are created in light of what we seek to accomplish.

3 Spatially Encoding Data as Visual Cues

DIVE-ON creates a visualization environment on a conceptual level and, un-
like most iconographic data visualization systems, DIVE-ON is not primarily
concerned with quantitative measures. For example, the Immersed Virtual En-
vironment (IVE) is not designed to tell the user that the total sale of a branch
was X dollars; rather it is designed to convey the significance of this amount
with respect to its context. Once an “interesting” locality has been identified,
the user is capable of extracting the original data lineage.

The primary abstraction of DIVE-ON is based on graphical rendering of data
cubes. Selected data are extracted from the VDW (Sec. 4.4) after which relevant
attributes are encoded in graphical objects and then rendered in the virtual
world. The VCU interprets the three-dimensional cube it receives from the VDW
as a three variable function (Sec. 4.2). Each of the three data dimensions is
associated with one of the three physical dimensions, namely X, Y, and Z. Since
each entry in the data cube is a structure containing two measures M1 and M2,
the VCU simply plots the two functions M1(x, y, z) and M2(x, y, z) in <3.

We recognize that there are may alternatives for encoding the data cube
measures as graphical objects. Our current prototype uses cube or sphere size and
colour to provide the user with visual cues on measure contrasts. For example, if
we are focused on the theme “dollars sold” (Figure 3), we assume the OLAP user
is not primarily interested in the details that in year t the total sale of product p
at store s was $100,000.00. Instead, the VCU provides a context by associating
these measures with visual cues that are bound to the virtual objects. In this
case, the first cue we use is size, which is associated with the measure M1 (dollars
sold). After normalization, M1(xt, yp, zs) is used to render a cube (or a sphere)
of appropriate size, centered at position (xt, yp, zs), for some t, p, and s within
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the data range, as shown in Figure 3. A VR user “walking” among these virtual
objects becomes almost instantly aware of the relative significance of each value,
without the need for specific numeric data.

Our prototype uses an object’s colour as a second visual cue, by normalizing
a measure M2, and mapping to a discrete 8-colour palette. For example, we
can encode any abstract data mining ”interestingness” measure from “red” to
“blue.” For example, at the lowest level of aggregation (high granularity), colour
can represent the deviation from the mean along one of the dimensions. This
is particularly useful for market fluctuation analysis. Similarly, if the user is
viewing highly summarized data, colour can be a very effective way to locate
anomalies at a lower level. For example, the M2 value for a month object can
represent the maximum M2 of any of the days it aggregates. In Figure 3, each
virtual object represents the total revenue for a given year. The colour “red”
indicates that one particular month deviates significantly from the rest of the
year. We expect the OLAP analyst will reach in virtual reality and “select” that
object, in order to understand the deviation, and inquire about the exact figures
for that year. Similarly, the user may be interested in understanding the stability
which dominates a product category (a “blue” object).

(a) (b)

Fig. 3. A team of immersed users discussing the “dollars sold” data cube. (a) Using
cubic objects (b) A user pointing the direction of flight within 3D-lit spheres

Figure 3 presents the IVE created by rendering cubes that employ the vi-
sual cues described above. In this case, the X-axis (left to right) represents the
“product” dimension. The axis pointing in the direction perpendicular to the
picture is the “time” dimension Y, while Z represents “location.” (The floating
3D interaction menu is also visible.)

Our brief discussion presented cubes as the basic VR geometry, but DIVE-
ON can also use spheres in the same way. While spheres can encode the same
information as cubes with less occlusion [1], rendering spheres is computationally
much more expensive. To create a 3D sphere the system must compute light
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sources, normal vector calculations, material specification, and shade rendering.
None of these calculations are required for cubes, since the polygon rendering is
typically done by hardware.

4 System Design and Architecture

To flexibly support various VR devices, tools, and environments it was necessary
to separate the creation from the application of the virtual world. Each of the
three main DIVE-ON components is designed within a wrapper that defines
the mean for information exchange. In this section the main components that
make up the system are presented along with the the task specific design and
implementation issues.

4.1 UIM: The User Interface Manager

The User Interface Manager (UIM) is the subsystem that is responsible for re-
ceiving, filtering, and channeling all available input streams. Input examples
include the location and orientation of the tracking devices, and the button-
status on the hand held tracker (Figure 4). This information must be updated
at a sufficient rate to provide a natural smooth interaction with the environment.
To provide the sense of immersion and presence, the VCU reads the head tracker
motion data collected by the UIM (T1 in Figure 2), then transforms the stereo
graphics to simulate that motion in a physical world. For example, if the user
walks forward, the appropriate image is shifted backwards to create the illusion
of “walking” through the data. The data stream emitted from the user’s hand
(T2 in Figure 2), is used to track the position of the 3D menu in the virtual
world. These so-called “floating menus” represent the user’s hand to six degrees
of freedom (6-DOF) [9].

 

Position CTRL 

State CTRL 

Interaction Parameter Formulation 

Inpu

Navigation 

T I 

VCU 

Fig. 4. User Interface Manager. The Tracker Interface (TI) receives the real-time
tracker input stream and channels it according to type. The set of interaction param-
eters is then fed to the VCU
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Using the floating menu system, the user is able to perform all application
control commands, including various OLAP operations, in a natural manner. For
instance, to perform a “roll-up” operation the user activated the menu system,
selects “roll-up” and then, using the hand held tracker, points to the dimension
to be rolled-up. The operations of “slice,” “dice,” and “drill-down” are imple-
mented similarly (Figure 3). In a typical session, a client (VCU) first establishes
connection to the VDW and, using warehouse queries, the user can then inquire
about the number, size and attributes of each data dimensions available.

Viewpoint manipulation is implemented by navigation control. In views that
involve dimensions with large domains, the user may request the activation of
flight mode. In this mode, the user travels through the data by simply pointing
in the appropriate direction. Flight speed is determined by how far the arm is
extended away from the body. Finally, DIVE-ON also provides the user with
the ability to inquire about the original data that is represented by a given
virtual object. The hand-held tracker default mode is 3D virtual pointer. If an
“interesting” data aggregate is encountered, the user can point and pop up an
object-fixed window containing the particular aggregate lineage.

4.2 VCU: The Visualization Control Unit
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Fig. 5. The VCU Architecture. SI and CI are the SOAP and CORBA client Interfaces
respectively. Output is channeled to Left, Front, and Right projection stereo signals

The VCU is the module responsible for generating and managing the IVE.
This makes data visualization and exploration independent, so the specifics of
the VDW should be of no concern to the VCU developer and vice versa. To
implement this abstract view, the VCU and VDW are each constructed within
a wrapper that isolates the only method of relaying messages between the two
subsystems. The messages use a simple communication protocol which effec-
tively hides the implementation details and allows the VCU and the DCC to
be independent of one another. After the DCC completes the creation of the
N-dimensional data cube it signals the VCU (via the DCC-Shell). Since we are
generating a 3D virtual world, only three dimensions can be viewed at any given
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time (four dimensions is possible by enabling animation using a function we
call“animating the data through time” [1]). The three dimensions and associ-
ated measures selected by the user are extracted from the N-dimensional data
cube, then a 3D cube is passed to the VCU for rendering. In light of the above
discussion, what level of abstraction does that the 3D cube represent? If the
cube received is already summarized, then for every “roll-up” that the user re-
quests a new 3D cube must be requested. This imposes unnecessary strain on
the network and degrades the system’s interactivity. For this reason, the VCU
builds a working 3D copy that materializes different levels of abstraction into
imbedded OLAP regions that are indexed by the VOLAP-tree (Section 4.3).

4.3 VOLAP-Tree: A Spatial Decomposition Structure

Data is obtained from the VDW along with the concept schema and the concept
hierarchy that describe the associated aggregation method. To accommodate
partial ordering, a concept hierarchy is presented by a simple tree structure with
the root being the attribute “ALL” at level 0. The information is then used by the
VCU to construct a working cube consisting of a set of OLAP regions that provide
all possible views (differing granularities) of the user specified dimensions. Each
region is a contiguous chunk that can be identified by two vectors. To illustrate
using a simplified example, consider Figure 6 which represents a 2D slice of the
working cube. The view corresponding to region B (Province/Item) is identifiable
by the vectors (X2, Y0) and (X3, Y1).
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Fig. 6. (a) The VOLAP-Tree. (b) Materialized working cube within the VCU

The simplest mapping between the user’s location in virtual space and the
location in the data space is to correlate discretized points in VR with the index
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values of the working cube. One can imagine that this slice as the “floor” of
the CAVE and when the user maneuvers through VR, the center of the rendered
scene is updated to reflect the cell that the user is closest to. This design is closely
related to the used metaphor of “walking through the data cube.” The efficiency
of this design stems from the fact that performing OLAP operation is simply
equivalent to “transporting” the user to a different region within the working
cube. As an example, consider the two associated concept hierarchies that are
shown next the axis that maps them in VR (Figure 6 b). Domain attributes of the
dimension “location” at the lowest level, “store,” are assigned the index values
between [0,X1[ along the X axis. Similarly, the attributes defining “categories”
in the “product” dimension are assigned the range [Y2, Y3[. Assuming that the
current view is (Province/Item), region B, specifying a “roll-up” operation on
the dimension “product” is equivalent to transporting the user into region A.

The VOLAP-tree is a hybrid that includes a 3D-tree (KD-tree) and a set of
Octrees that is designed to quickly transport the user into different OLAP regions
while maintaining an acceptable frame rate regardless of data size. Figure 6 (a)
illustrates a 2D version of the tree. A 3D-Tree is implemented as an upper layer
to index the OLAP regions within the working cube . The root of the VOLAP-
tree is the root for the 3D-tree. At the leaf level, each 3D-tree leaf contains a
pointer to the second layer, which is an Octree that recursively partitions that
particular OLAP region into octants. Recursion continues until all octants at the
leaf level do not contain more than a given number of data points. Within the
VCU, the “VR Partition” module (Figure 5) uses the the user’s location (UIM
input) to determine the appropriate set of octree nodes to use for rendering.
As the user’s position changes through VR, so does the set of rendered octants.
When the user performs an OLAP operation the VOLAP-tree is traversed and
the new Octree root is located for rendering.

4.4 VDW: The Virtual Data Warehouse

The Virtual Data Warehouse (VDW) is abstract centralized data warehouse
comprised of a set of distributed data sources and a shell (DCC-Shell) which
is responsible for modeling and querying these sources (Figure 7). The DCC-
Shell is maintains a pool of meta-data (cube schema) that represents a global
multidimensional model of all dimensions and measures available from the dis-
tributed sources. When the VDW is initiated, the cube schema is constructed
and copied to all data sources. To insure query consistency, the DCC-shell up-
dates all copies when a data source has been updated. A resource allocation table
within the DCC-shell maintains the location, data organization, and preferred
communication method for each source. The cube schema and the resources data
are XML documents for easy maintenance, extendibility, and flexibility.

A client has three available query classes. First is the Warehouse query,
which provides the client with basic VDW structure including the dimensions of
a data cube, the measures available, and the main theme of a cube. The Cube
schema query provides the meta-data of one specific data cube in the VDW.
This meta-data includes a depiction of all available dimensions, measures, and
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Fig. 7. The Virtual Data Warehouse (VDW) architecture

the concept hierarchy that further describes each dimension. Finally, the Cube
data query is used to obtain an entire N-dimensional cube or any subset of it.
This is particularly useful for applications such as the VCU, which handles only
one 3D cube per visualization session.

4.5 XML Multidimensional Query Language (XMDQL)

Our query language choice is an XML-based query language, XMDQL, which
we use to interact with the VDW in order to manage and access the available
data. XMDQL allows the user to express multidimensional queries on the VDW.
The concept of a special multidimensional query language was first proposed as
an industry standard by Pilot software [14]. Their language MDSQL, however,
does not take advantage of XML and its flexibility and interoperability in the
context of federated data warehouses. In OLAP terminology, this type of query
is equivalent to slicing and dicing the data cube. The result of an XMDQL query
is a cell, a two-dimensional slice, or a multidimensional sub-cube.

DIVE-ON defines XMDQL as a query language that is formatted in XML to
query the VDW; it also provides functionality similar to Microsoft’s MDX (Mul-
tidimensional Expressions). To specify a cube, an XMDQL query must contain
information about the four basic subjects: (1) The cube being queried, (2) di-
mensions projected in the result cube, (3) slices in each dimension and (4) some
selection and filtering constraints. The basic form of the XMDQL is as follows:

<XMDQL>
<SELECT>
Project dimensions and slices

</SELECT>
<FROM>

Which cube to query
</FROM>
<WHERE>
Filtering constrains

</WHERE>
</XMDQL>
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4.6 Query Distribution and Execution

According to Figure 7, a VCU data query is first received by the DCC-Shell
interface (through ORB/SOAP Server) and forwarded to the Query Distrib-
utor after the DCC has formed the appropriate XMDQL query. The Query
Distributor analyzes the query, finds which data source contains the required
data, and then distributes the query accordingly. Each Data Source executes the
query separately, either by translating the XMDQL query into another OLAP
query language and getting the result, or by directly accessing the original data
source. Regardless of the execution method, each Data Source forms the results
as a data cube that is returned to the DCC, which forms an N-dimensional data
cube. For our visualization, the DCC then extracts the VCU-requested 3D data
cube and sends it to the CAVE for rendering. To illustrate, the distribution
information can be stored as following:

<Distribution dimension="Store">
<Component path="N_America.USA"

mart="DataSource1">USA sales data</Component>
<Component path="N_America.Canada

mart="DataSource1">Canada sales data</Component>
</Distribution>

5 Conclusion and Future Directions

We have presented a system prototype for visual data mining in an immersed
virtual environment. Since the very early days of computing science with ex-
tremely limited technologies, scientists have been fascinated with virtual reality
(VR). VR systems are capable of abstracting complex problems or scenarios by
exploiting the human’s natural skills including the visual system and spatial
knowledge acquisition. The CAVE theater is a new technology that enables al-
gorithms to interact with the human sensorimotor system. With DIVE-ON, we
have focused this technology into a new direction, namely remote visual data
mining.

So far we have exploited the human visual system to convey information
pertaining to data. In the near future we also plan to experiment with data
sonification techniques to add audible cues to the IVE. Since hearing is usually a
background process, DIVE-ON will use the audible cues mainly to steer the user’s
foreground process, vision, into a direction that may need in-depth examination.
Limiting the use of audible cues in this manner avoids the permeation of the IVE
with sensory input that could lead to some undesired perceptual complexities.
We also plan to investigate is the use of distortion views, also called fisheye
or detail-in-context, in 3D graphics. Creating distortions in the 3D data cube,
like creating a virtual magnetic field with a repelling force around interesting
data items, can solve some of the occlusion problems by emphasizing relevant
data and putting details in context. However, creating a fisheye effect on local
detail in a virtual reality environment without compressing the remainder of the
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data is not trivial. In addition we plan to merge the interaction operations for
distorted views in 3D with OLAP operations, such as aggregating local details,
specializing and generalizing on a local detail, etc.
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Abstract. A fundamental task in multi-agent systems is matchmaking, which is
to retrieve and classify service descriptions of agents that (best) match a given
service request. Several approaches to matchmaking have been proposed so
far, which involve computation of distances between service offers and service
requests that are both provided as aggregates of the same set of attributes which
have atomic values. In this paper, we consider the problem of matchmaking in the
setting where both service offers and requests are described in a richer language,
which has complex types built from basic types using constructors such as sets,
lists, or record aggregation. We investigate methods for computing distance
values of complex objects, based on a generic combination of distance values
of the object components, as well as domain-dependent distance functions. The
methods have been implemented in Grappa, the Generic Request Architecture for
Passive Provider Agents, which is a framework for developing open matchmaking
facilities that can handle complex objects described in XML. Using Grappa, a
large scale application has been built in the Human Resource Network project of
the Office for Labor Exchange of the German government, in which job offerings
have to be matched against a large database of unemployed persons and qualified
candidates should be retrieved.

Keywords: Emerging trends; data warehouses; systems and applications.

1 Introduction

Today, distributed and heterogeneous information systems which are connected via open
networks such as the Internet provide a huge, wide spread wealth of information. The
vast amount of information so accessible has created a strong need for powerful methods
and techniques that help in ranking the information retrieved in answer to a given query.

In multi-agent systems, this problem instantiates to the fundamental issue of classi-
fying and ranking agents in a system by their service descriptions, given that a particular
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service is requested. For this task, special kinds of middle agents have been proposed,
among them matchmaking and brokering agents (see [12,9,11]), following the mediator
approach [17].

The key task in matchmaking is to compute the similarity of a given service request
to the service description of a given agent. This is usually done by computing a function
measuring the distance between the service request and the service description. Current
approaches to matchmaking assume that these descriptions are in a flat format, which
essentially is an aggregation of attributes over elementary domains. Distances are com-
puted using well-known methods for computing the distance between values for a single
attribute.

However, no methods for matchmaking of complex, structured service descriptions
have been provided so far. Such methods are needed, though, for emerging applications
that desire services descriptions in a data format which is structurally rich, and, moreover,
obeys to some acknowledged standard (e.g., XML) such that multiple, application-
independent use of this information is supported. In this paper, we address this issue
and investigate methods for matchmaking of service descriptions which are provided
as complex objects, built over possibly heterogeneous data types such as text, intervals,
or time data, using forms of aggregation such as sets, lists, or records. We pursue a
bottom up approach of combining distance values of components of complex objects
into a single distance value, which may use generic combination functions as well as
customized domain-dependent distance functions.

The main contributions of this paper can be summarized as follows:

• We provide methods for calculating the relevance of a service offer for a requested
service, both given as structured complex objects, through distance functions for
complex objects which combine distance values of their components. The latter may
be complex objects as well, built using common forms of aggregations such as lists,
sets, and records. Different from previous matchmaking approaches, ours is not based
on a fixed scheme but works for generic types of service descriptions. Furthermore,
service requests and offered service offers may be of different (yet fixed) type.

• We present the Grappa framework, which facilitates the development of matchmaking
applications involving complex service and request descriptions. At the generic level,
the schemes of the descriptions are stored as XML document type definitions (XML-
DTDs). Grappa provides a number of predefined generic functions for combining
distance values of description components, and furthermore certain domain-specific
distance functions.

• We report on the Human Resource Network (HrNet), which is a large-scale applica-
tion for employment relaying that has been implemented for the German Office for
Labor Exchange on top of Grappa. In this application, hiring requests of employ-
ers have to be matched against the database of persons in Germany seeking a job
(currently, about 3.9 millions), in order to single out best-qualified candidates. Exper-
iments have shown that HrNet performs well, and a full-fledged system is planned
for the future.

Our results, and in particular the Grappa framework, can be readily applied in
building matchmaking facilities for agent systems. However, since the methods have
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been developed at a generic level, they can be used for matching complex objects against
a database of complex objects in general, and in engineering facilities for this task.
In this paper, we focus on the task of matchmaking per se. We pursue an approach in
which the generic structure of offers and requests is given by offer and request class
descriptions, respectively.

2 Matchmaking Facilities for Complex Objects

We contract here matchmaking to the problem of performing multidimensional distance
computation on structured objects, which are composed bottom up from basic and com-
plex values. We next discuss the components which a generic facility for performing this
task should have, and after that in Section 2.2 the matchmaking process.

2.1 Components

As discussed in [12,2,9], a matchmaking facility needs certain components. In this spirit,
we propose that a matchmaker for complex objects has the following four components:
Data Types, Distance Functions, Service Scheme, and Service Repository. They have
the following roles.
DataTypes: This component includes a kernel set of basic types B = {τ1, . . . , τn}
which are supported by the matchmaking facility. This kernel may be extended by
customized types in applications. Complex types can be inductively constructed by
applying one of the following constructors. Let τ and τ1, . . . , τk be any already defined
types: Set of τ , denoted { τ }; Multiset of τ , denoted { τ }m; List of τ , denoted τ+; Array
of dimension n of τ , denoted τ [1 : n]; Record of τ1, . . . , τk, denoted (τ1, . . . , τk).

Each basic type τ has an associated domain D(τ) of values. For a complex type
τ , its domain of values D(τ) is defined by recursion to subtypes as usual, where sets,
multisets, and lists are defined as finite aggregations. Note that different types may have
overlapping or even the same sets of values; thus, subranges and synonym types may be
defined.
DistanceFunctions: A distance function on a domain D(τ) is a map d : D(τ) ×
D(τ) → R

+
0 which assigns each pair (x, y) of values for τ a unique nonnegative real

number. It is desired that d enjoys certain properties, which guarantees a meaningful
behavior. The following are some well-known axioms for distance functions:

(i) d(x, y) = 0 ⇐⇒ x = y for all x, y ∈ D(τ). (Zero-Distance)

(ii) d(x, y) = d(y, x) for all x, y ∈ D(τ). (Symmetry)

(iii) d(x, z) ≤ d(x, y) + d(y, z) for all x, y, z ∈ D(τ). (Triangle Inequality)

Any d which satisfies (i)–(iii) is a metric distance function. Its properties, in particular
(iii), may be exploited for pruning the search space in matchmaking. However, not all
meaningful distance functions in practice are metric. We postulate, though, that each
distance function must satisfy (ii) and the if-direction of (i) (i.e., d(x, x) = 0 for all
x ∈ D(τ)).
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The matchmaking facility must support for each type τ at least one distance function
d. In particular, it must contain at least one atomic distance function for each basic type.
Besides tailored distance functions, a complex type τ may have, as in Grappa, generic
distance functions d = f(d1, . . . , dm) which combine, by functions f , the distance
values at the top-level components τ1, . . . , τm of τ , computed using respective distance
functions d1, . . . , dm, into a single distance value. For example, in case of a record
τ = (τ1, τ2) the function f may be the average of the distances at the components τ1
and τ2 (see [14] for further discussion).

ServiceDescriptionScheme (SDS): This component contains generic de-
scriptions of the service offers and requests, given as types, that the matchmaking facility
can handle. Particular service descriptions are instances of these generic descriptions
(i.e., complex values of the types). The SDS consists of the following three parts:

1. OSDS: A scheme (type) for the definition of a service offer.
2. RSDS: A scheme (type) for the definition of a service request.
3. MAP:A mapping which assigns each component Ri of the scheme RSDS = (R1, . . . , Rm)

a function
MAP(Ri) : D(OSDS) → D(Ri),

such that MAP(Ri) = fRi(S1, . . . , Sk), where fRi is a function on functions and
S1, . . . , Sk are subschemes of OSDS, viewed as deconstructor functions on the in-
stances of OSDS. Informally, MAP(Ri)(o) constructs for the service request component
Ri a value, given any service offer o. We thus can construct a request object MAP(o) =
(MAP(R1)(o), . . . , MAP(Rm)(o)) from o, which can be used for computing the distance
between o and a given request object r. Any non-record type RSDS is viewed as record
type (RSDS), and MAP defined for it this way.

Notice that in current matchmaking systems, OSDS and RSDS coincide, and MAP
is identity, i.e., MAP(Ri) = Ri. There, MAP is identity for several components (e.g.,
MAP(Workstatus) = Workstatus, where we use Workstatus to name the compo-
nent of this type), while it assigns to Profession+ the list obtained by concatenating
DesiredJob and Job+, i.e., MAP(Profession+) = DesiredJob@Job+, where “@”
denotes concatenation of lists (as previously, components are named here by their types).

Special cases are that RSDS is a subscheme of OSDS and vice versa. Here MAP is
straightforward: in the former case, it projects out components of OSDS, while in the
latter, fRi(S1, . . . , Sk) may add missing attributes to a service offer and assign dummy
values to them. In practice, fRi may perform various complex operations such as merging
lists, taking the union of sets, combining values into a complex value (e.g., assemble
dates) etc.

ServiceRepository: The matchmaking facility maintains an up-to-date repository
of service descriptions for all services offers which are advertised to it.

2.2 Matchmaking Process

When the matchmaker receives a query, which consists of an instance r of RSDS, and an
(optional) query requirement (best match, k-nearest neighbors, etc), then it computes the



190 T. Eiter et al.

answer to the query and sends the result back to the querying requester agent. Basically,
the matchmaker must compute the distance between r and each service offer o in the
service repository, and then select those o which qualify for the answer. The distance
between r and o is measured by d(r, MAP(o)), where d is the distance function for RSDS
and MAP(o) is the conversion of o into the request object.

This process can be implemented in many ways. For details concerning this issue
see [14,5,15].

2.3 The Grappa Matchmaking Framework

Grappa, the Generic Request Architecture for Passive Provider Agents, is a generic
framework that instantiates the general matchmaking facility for complex objects de-
scribed in the previous section. It is designed for computing k-nearest-neighbor match-
ings of multidimensional requests against multidimensional offers.
Generic algorithms to incorporate Data Types, Distance Functions and Service Descrip-
tion Schemes are implemented. The main Data Types considered are Numbers, Intervals,
Time and Time Intervals as well as Free Text. For the latter one distance functions from
the Information Retrieval domain (see [10]) are implemented. For further details see [14,
5].
As complex distance functions Minimum Link Distance (see [4]), Hausdorff Distance
as well as a Weighted Average Distance are incorporated.

Both the OSDS and the RSDS are mapped to XML-DTDs. Service offers and re-
quests, respectively, are instantiated XML documents. An example is shown in Figure 1.
A requester can query the ServiceRepository, which contains XML documents in-
stantiating OSDS, by sending an XML document which instantiates the RSDS to the
Grappa matchmaker.

3 Application

Because of its genericity, our approach and the Grappa framework is not restricted to
agent systems and can be applied in different domains.

This is exemplified by two projects in which Grappa has been applied so far: The
Human Resource Network (HrNet), a large-scale application for the mediation of jobs
described in Section 3.1, and the Cooperation Market (CoMa) of the Siemens AG. In
the following we will only report on the HrNet project.

3.1 HrNet for the German Office for Labor Exchange

The Human Resource Network (HrNet) is an application of Grappa for matching open
jobs in companies, which are defined by an employer, to profiles of job applicants (i.e.,
unemployed persons), stored in various data bases. The current version of HrNet is
a prototype system that has been developed for the Office for Labor Exchange of the
German government, and demonstrates the feasibility of a partially automated approach
to employment relaying. Based on its success, a full-fledged system is planned for the
near future. Note that it promises a high return of investment: reducing the relaying time
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Table 1. RSDS of HrNet as XML-DTD and an instance (computer scientist)

XML-DTD for RSDS: XML instance for computer scientist:

<?xml version="1.0" encoding="UTF-8"?>
<!ELEMENT RSDS (Profession*, Experience, CarRequired,

Location, Requirements, WorkStatus,
WorkMode, WorkType, Salary)>

<!ELEMENT Experience (ExperienceLevel, Profession*)>
<!ELEMENT Location (ZipCode, Town, Country)>
<!ELEMENT Requirements (GeneralRequirement,

SpecialRequirement, Language)>
<!ELEMENT GeneralRequirement (Description, Level)>
<!ELEMENT SpecialRequirements (Description, Level)>
<!ELEMENT Languages (Description, Level)>

<!ELEMENT DesiredJob (\#PCDATA)>
<!ELEMENT Description (\#PCDATA)>
<!ELEMENT Duration (\#PCDATA)>
<!ELEMENT Profession (\#PCDATA)>
<!ELEMENT Car (\#PCDATA)>
<!ELEMENT ZipCode (\#PCDATA)>
<!ELEMENT Town (\#PCDATA)>
<!ELEMENT Country (\#PCDATA)>
<!ELEMENT RegionalPreference (\#PCDATA)>
<!ELEMENT Level (\#PCDATA)>
<!ELEMENT WorkStatus (\#PCDATA)>
<!ELEMENT WorkMode (\#PCDATA)>
<!ELEMENT WorkType (\#PCDATA)>
<!ELEMENT Salary (\#PCDATA)>
<!ELEMENT ExperienceLevel (\#PCDATA)>
<!ELEMENT CarRequired (\#PCDATA)>

<RSDS>
<Profession>Computer Scientist</profession>
<Profession>Mathematician</profession>
<Experience>

<ExperienceLevel>expert</ExperienceLevel>
<Profession>Computer Scientist</profession>
<Profession>Mathematician</profession>

</Experience>
<CarRequired>false</CarRequired>
<Location>

<ZipCode>81541</ZipCode>
<Town>Munich</Town>
<Country>Germany</Country>

</Location>
<Requirements>

<GeneralRequirement>
<Description>soft skills</Description>
<Level>very good</level>

</GeneralRequirement>
...
</Requirements>
<Description>We are looking for...
</Description>
<WorkStatus>employed</WorkStatus>
<WorkMode>in office</WorkMode>
<WorkType>fulltime</WorkType>
<Salary>40.000 Euro</Salary>
</RSDS>

of unemployed persons (currently, about 3.9 millions) just by one day on average will
save the German government more than a hundred million dollars a year.

In the HrNet system architecture each company supplies its open positions to a
designated GUI-Agent, which has the role of a requester agent in the system. The GUI-
Agent queries the matchmaker by sending to HrNet the description of the open position
which should be filled.

The service repository of HrNet consists of a collection of data sources. Most of them
are databases wrapped by a database wrapper agent. One of them is the central database
of the Office for Labor Exchange of the German government, in which all currently
unemployed persons in Germany are stored. Another one we used is the Siemens AG
internal employee database. Further databases can be easily integrated.

If the number of applicants exceeds a certain limit in a database, the database wrapper
agents supplies only a preselection of profiles to the matchmaker. This preselection
eliminates all profiles which do not match any of the values in Profession+ of a given
job offer (RSDS instance). In HrNet, the RSDS and OSDS schemes are, as required by
Grappa, converted to XML-DTDs which are considered as the document classes of
these types. The XML-DTD of RSDS, together with an instance, is shown in Table 1.

Besides the generic basic types and distance functions, HrNet uses customized
basic types including RegionalPreference, Level and WorkStatus. The default
distance functions for these types are defined using distance matrices and exact matching
functions. The distances for complex types are computed by using the Hausdorff distance
and weighted averages.
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Table 2. HrNet matchmaker results

job offering (request) k =
/ quality of k-th best match 1 5 10 20 50 100

r1 : Computer scientist 61 % 45 % 39 % 33 % 23 % 13 %
r2 : Bus driver 72 % 68 % 61 % 52 % 43 % 30 %
r3 : Anesthesia male nurse 40 % 23 % 14 % 12 % 10 % 8 %
r4 : Clerk 36 % 35 % 31 % 26 % 22 % 12 %
r5 : Truck driver 79 % 70 % 65 % 60 % 55 % 40 %
r6 : Haircutter 48 % 46 % 39 % 36 % 25 % 12 %
r7 : Taxi driver 81 % 79 % 75 % 60 % 43 % 20 %
r8 : Interpreter 52 % 47 % 38 % 34 % 28 % 12 %
r9 : Children nurse 68 % 67 % 57 % 51 % 29 % 14 %
r10 : Engine fitter 59 % 40 % 36 % 29 % 21 % 15 %

3.2 Experiments

In this section, we give a sample of the set of experiments that we have conducted with the
HrNet system. It appeared that in these experiments, the HrNet matchmaker performed
quite well and was ranking the job applicants (i.e., OSDS instances) realistically.

Precison. In the first experiment, we considered ten different job offerings (requests)
r1, . . . , r10, which were supplied to a GUI-Agent for querying the matchmaker. Table 2
shows the results for a k best matches (i.e., nearest neighbors) query, where for each k the
quality of the last (worst) among the k matches is reported. The quality is the similarity
between the request ri and the applicant profile (offer) o measured by 1−d(ri, o), where
d(ri, o) is the (normalized) distance value. Request r1 is the computer scientist instance
of RSDS shown in Table 1; the other requests instantiated RSDS to jobs in different areas.

It is, of course, difficult to judge the quality of matchings computed by the HrNet
matchmaker to the one of a human matchmaker, and in particular whether it computes
“human like” rankings. Rankings compiled by a human matchmaker may be subjective,
and different human experts may come up with different rankings. However, inspection
has shown that among a larger set of profiles, the best candidate singled out by the
matchmaker is the same one would manually select.

Recall. In a further experiment, we modified the data repository by adding two
further OSDS instances that should match the request r1 intuitively high. One of them
was intuitively an exact match (quality 100%), and the other one was a profile which
intuitively supported more desired properties than the previous best match, which was
61%. As expected, the exact match was the new best best and had a score of 100%. The
second best match was the other addition to the data repository. It obtained a significantly
better score (85%) than the previous best match.
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4 Related Work

[8] considered matchmaking in the context of emerging information integration tech-
nologies, where potential providers and requesters send messages describing their capa-
bilities and needs of information (or goods). They presented two matchmakers: COINS
(COmmon INterest Seeker), which is based on free text matchmaking using a distance
measure from information retrieval [10], and SHADE (SHared DEpendency Engineer-
ing), which uses a subset of KIF [6] and a structured logic text representation called MAX
[7]. While COINS aimed at e-commerce, SHADE aimed at the engineering domain.

Complementing the theoretical work in ([2,3]), Sycara and coworkers addressed
the matchmaking problem in practice. They developed and implemented the LARKS
matchmaker (LAnguage for Advertisement and Request for Knowledge Sharing) de-
scribed in [13,12]. In LARKS, the matchmaking process runs through three major steps:
(1) Context matching, (2) syntactical matching, and (3) semantical matching. Step 2 is
divided into a comparison of profiles, a similarity matching, and a signature matching.
Compared to previous approaches, LARKS provides higher expressiveness for service
descriptions. Like those, however, LARKS has a static scheme for service descriptions,
which restricts its application to agents that comply with this fixed description format.

In the context of electronic auctions, [16] introduce a service classification agent
which has meta knowledge and access to nested ontologies. This agent dynamically
generates unique agent and auction descriptions which classify an agent’s services and
auction subjects, respectively. A requester obtains from it the name of the best auction
to its needs.

In IMPACT [1,11], so called Yellow Pages Servers play the role of matchmaker
agents. Offers and requests are described in a simple data structure which represents a
service by a verb and one or two nouns (e.g., sell:car, create:plan(flight)). The match-
making process computes the similarity of descriptions from shortest paths in directed
acyclic graphs that are built over the sets of verbs and nouns, respectively, where edges
have weights reflecting their distance.

5 Conclusion

In this paper, we have considered the problem of matchmaking given that service de-
scriptions are complex objects, formulated in a rich language. Furthermore, we have
presented various methods for computing distance values between complex objects and
the Grappa framework, which can be used for building matchmaking facilities. As the
HrNet application has shown, Grappa is an attractive tool for developing application-
specific matchmakers.

Our ongoing and future work comprises several issues. One is to exploit the properties
of metric distance functions and to design algorithms which avoid scan the entire service
repository. The development of specific distance functions is another issue. Last, but not
least, an important issue is to improve the efficiency of the access to the service repository,
which currently is a bottleneck of the system. In our future work we also intend to transfer
matchmaking algorithms into the multi-attribute auction domain.

An interesting issue is the use of self-trained neural networks in the design of cus-
tomized distance functions which reflect the judgment of a human expert as close as
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possible. Hence important future work will be to implement neural networks computing
distance functions for information classification via matchmaking. Finally, a full scale
implementation of the HrNet prototype and the development of further applications of
Grappa complement our research.
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executives, approximating other aspects only to the degree needed to allow it to serve
as driver for sponsorship.
The remainder of this paper is organized as follows. In section 2, we discuss the
contribution of this paper and related work. In section 3, we present prototyping
activities for data warehouse environments and shows how they are interwoven with
the requirement process. In section 4, we discuss different types of prototypes. In
section 5, we introduce the BEDAWA prototyping tool and show, how it can be used
to generate representative sample data for data warehouse systems. Finally, in section
6 we present our conclusion.

2. Contribution and Related Work

Floyd provides in [3] a high-level characterization of prototyping approaches, tools
and techniques, and a discussion of problems and prospects of prototyping. Floyd’s
high-level characterization includes the distinction between horizontal and vertical
prototyping. His characterization of prototyping approaches is based on a distinction
between exploratory, experimental and evolutionary prototyping.

In this paper, we discuss different type of prototypes for data warehouse systems
by using Floyd’s prototyping characterization. Furthermore, we also introduce the idea
of using prototyping scenarios, which are a combination of horizontal and vertical
prototypes.

[17] argues that using measurable objectives (benchmarks) for user performance
and attitudes provide an objective way to assess the quality of the prototype. In [5],
Huynh proposes a tool, namely BEDAWA, which is able to generate statistical sound,
familiar, complete sample data for data warehouse and OLAP systems. The tool
allows building sample data for benchmarking applications or various types of
prototypes.

[1] introduces the DBGEN tool, which can be used to generate sample data for
AS3AP or TPC-D benchmark in flat files. [16] and [7] present an approach for
generating sample data to evaluate database systems. However, the presented
approach generates sample data manually, which makes it less useful for prototyping
purposes.

[10] introduces the easyREMOTEDWH approach, a comprehensive requirements

engineering framework for data warehouse systems. easyREMOTEDWH includes a
requirements process, which allows an iterative and incremental requirements
development. We use this model as foundation and show, how prototyping activities
are interwoven with other requirement activities.

To our knowledge, no approach for prototyping has been published yet, which
considers the characteristics of data warehouse systems (large, evolving system,
heterogeneous user community, complex data structures, large amount of data etc.).
Traditional prototyping tools lack the ability to support the generation of complex
data schemas and large amounts of data, which is typical for data warehouse
environments.
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3. Requirements Process and Prototyping Activities

In this section we discuss, how prototyping activities are interwoven with the
requirements process. Fig. 1 shows an extract of the requirement activities in the
easyREMOTEDWH process [10], and how they are linked by their deliverables. The
deliverables are shown as moving from one activity to the next. In the “Requirements
Gathering, Elicitation” step data warehouse requirements are discovered, which are
made rigorous by writing them down in a prescribed manner. Afterwards, the
requirements are inspected in the “Requirements Refinement” to determine if they are
accurate enough to be added to the final requirement specification draft. Any rejects
are sent back to the originator, who probably takes the requirements back to the
requirements gathering and elicitation activity for clarification and further
explanation.

Requirements
Gathering,
ElicitationStakeholders

Requirements Analyst

Requirements
Documention

Potential
Requirements

Prototype the
Requirements

Requirement for
Prototyping

Potential
Requirements

Requirements
Refinement Coarse, vague

Requirements

"good"
Requirements

Requirements
Engineering

Skills,
Experience

Wants and
Needs

Use Cases

incomplete
Requirements

Requirements
Specification

Fig. 1. Requirements Process for Data Warehouse Systems (adapted from [10])

If requirements are still uncertain or unclear to either the stakeholders or the data
warehouse implementation team, the development of prototypes can facilitate the
management of stakeholder expectations (e.g. by a proof-of-concept) or technical
concerns (e.g. by a proof-of-performance). One key point in Fig. 1 is that the
requirements process is iterative and incremental rather than linear. The elicitation,
prototyping, refinement, and documentation activities are iterated a number of times.
During each iteration new information emerges which may necessitate the
modification of already acquired information.
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Fig. 2 shows the different stages of developing a prototype of a data warehouse
system. The input for the prototyping might be a single requirement or a complete use
case.

Analysis

Requirements for Prototyping

Design
and Build

Testing

Users

Potential Requirements

Needed
Modifications

Prototype

Results

Fig. 2. Prototyping Activities

Design and Build. Designing is mapping the world of the user into the prototype.
Design is also the activity of deciding which data warehouse requirements should be
modeled and simulated with the prototype, and what should be achieved with the
prototype. Furthermore it is important to determine, which type of prototype should
be built. After the design stage the data warehouse implementation team builds the
modeled prototype.

Testing in the User Environment. Testing involves having the data warehouse users
use the prototype as a simulation of their tasks. Users will give feedback of the
prototype, where they describe their problems and experience during their work with
the prototype. The feedback should also include the results of usability tests.

Analyzing the Results. In this stage the feedback of the users is analyzed. The
analysis will uncover new potential requirements for the data warehouse system. If
the results are not satisfying, modifications of the prototype and running more tests
should be considered.

4.  Prototyping Types

4.1 Horizontal vs. Vertical Prototypes

Horizontal prototypes are prototypes where the user-interface is implemented, but the
functionality is missing, or simulated. Horizontal prototypes reduce the level of
functionality and result in a user interface surface layer, while vertical prototypes
reduce the number of features and implement the full functionality of those chosen
(see Fig. 3) [3].
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Horizontal Prototypes. Horizontal prototypes display the facades of user interface
screens from the data warehouse system, possibly allowing some navigation between
them, but they do not show real data or contain little or no real functionality. The
information that appears in response to a data warehouse query is faked or static, and
report contents are hard-coded. A horizontal prototype does not actually perform any
useful work, although it looks like it does.

Different Features and Services

Scenario
Horizontal
Prototype

Vertical
Prototype

Full Data Warehouse System

F
u

n
ct

io
n

al
ity

Fig. 3. Horizontal Prototypes, Vertical Prototypes, and Scenarios

The simulation is often enough to give the users a feeling for the data warehouse
system and lets them judge whether any functionality is missing, wrong, or
unnecessary. The prototype represents the concept to the data warehouse team of how
a specific requirement or use case might be implemented. The user’s evaluation of the
prototype can point out alternative courses for a use case, new missing process steps,
previously undetected exception conditions, or new ways to visualize information.

Vertical Prototypes. Vertical prototypes are also known as structural prototypes or
proof of concepts. They implement a slice of the data warehouse functionality.
Vertical prototypes are developed, when uncertainty exists whether a proposed
architectural approach is sound or when certain data warehouse policies should be
optimized (i.e. access policies, security policies, data quality policies), or the data
warehouse schema should be evaluated (i.e. performance evaluation), or critical
timing requirements (i.e. time for data warehouse queries) should be tested. Vertical
prototypes are used more to reduce risks during the data warehouse design and
implementation than for requirements development. They are generally constructed
with the proposed tools of the data warehouse system (database, data staging tools,
metadata management tools etc.) in the operating environment to make the results
meaningful. Prototype tools, like the BEDAWA tool, can help to construct realistic
vertical prototypes.

Scenarios. Scenarios can be seen as a combination of horizontal and vertical
prototyping by reducing both the level of functionality and the number of features and
services. Since scenarios are small and cheap, they can be applied and changed more
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frequently. Therefore, scenarios are a way of getting quick and frequent feedback
from users. Scenarios can be implemented as paper mock-ups [11], [12] or in simple
prototyping environments that may be easier to learn than more advanced
programming environments. This is an additional savings compared to more complex
prototypes requiring the use of advanced software tools.

4.2 Throwaway vs. Evolutionary Prototypes

Before a prototype is built, the decision has to be made, whether the prototype will be
discarded after evaluation or will eventually evolve into a portion of the final data
warehouse system. This decision must be explicit and well communicated.

Throwaway Prototypes. The throwaway prototype is most appropriate when you
face uncertainty, ambiguity, incompleteness, or vagueness in the data warehouse
requirements [2]. These issues have to be resolved to reduce the risk of proceeding
with the data warehouse implementation. Because throwaway prototypes are
discarded after they have served their purpose, they should be built as quickly and
cheaply as possible. When throwaway prototypes are built, solid software
construction techniques can be ignored. The emphasis is on a quick implementation
and modification over robustness, reliability, performance, and long-term
maintainability. For this reason, you must not allow the code from a throwaway
prototype to migrate into a final data warehouse system. Development teams often
tend to recycle existing throwaway prototypes. A good way to avoid this problem is to
use different tools and a different programming language for the prototype
construction.

Evolutionary Prototypes. Evolutionary prototypes provide a solid architectural
foundation for building the data warehouse system incrementally as the requirements
become clearly defined over time. In contrast to the throwaway prototyping, an
evolutionary prototype must be built with robust, high-quality code from the
beginning. Therefore, an evolutionary prototype takes longer to build than a
throwaway prototype that addresses the same functionality. As evolutionary prototype
must be designed for easy growth and frequent enhancement, it is important to
emphasize the system architecture and solid design principles. For data warehouse
systems, evolutionary prototypes are particularly interesting for simulating data
models. If a tested data model fulfills the requirements for robustness, extensibility,
and performance, it can be used as the foundation for the final data warehouse
implementation.

5. BEDAWA – Prototyping Tool

When building a prototype for a data warehouse system, one major problem has to be
solved - the generation of data for the data warehouse. It can very difficult to use
production data for this purpose, since the data model of the data warehouse system
can be very different from the data model of production systems, and consequently,
data transformations would be necessary. Once a data basis is established, any
prototype can be built using this data.
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The BEDAWA tool offers support for this problem. It allows developers of data
warehouse prototypes to produce sample data suitable for their prototype
implementation. By specifying the characteristics of the sample data and by testing
the sample data generation results, they are able to repeatedly develop sample data for
their needs. In this section we give an overview of the BEDAWA approach and show
how to generate mass sample data for prototyping purposes.

5.1 Introduction of the BEDAWA Approach

The lack of sample data for data warehouse or OLAP systems usually makes it
difficult for organizations to evaluate, demonstrate or build prototypes for their
systems. However, the generation of representative sample data for data warehouses
is a challenging and complex task. Difficulties often arise in producing familiar,
complete and consistent sample data on any scale. Producing sample data manually
often causes problems, which can be avoided by an automatic generation tool
producing consistent and statistical plausible data.

The sample data generation process is usually a complex, iterative process that
begins with a modeling step, and ends with the generation of the desired sample data.
To get representative sample data that is familiar, consistent, scalable, large amount
and that reflects various degrees of freedom, the BEDAWA tool is based on a
statistical model that will be introduced in the next sections. The statistical correctness
of the model provides a framework to define relationships between dimensions and
facts in the context of a star schema, the most popular schema for designing and
building a data warehouse [8]. The tool provides abilities to define and generate
sample data of any size in order to reflect a real world situation. Furthermore, the tool
is able to integrate existing external data sources for the sample data generation.

5.2 Statistical Model of BEDAWA

According to the statistical point of view, relationship between dimensions and a fact
can be presented as follows:

y = f(δ1, δ2, ...,δx) + ε (1)
where:

y : a value of the fact
δ1, δ2, ...,δx : numbers presenting the effect of dimension members to the fact y
ε : error value

That means, based on relationship between facts and dimensions of a fact table, a
statistical model can be applied to present that relationship stated in formula (1).
Besides the calculation of fact values, the statistical model includes a distribution
process, which takes care of the task to distribute dimension members in the fact table
according a proper statistical distribution.

For example, a fact value can be created by using a linear model as follows [13]:

yijk... = µ + ciαi + cjβj + ckγk + ... + εijk... (3)

where:
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α, β, γ, ... : fact effect value sets of dimensions Dα, Dβ, Dγ that have effect
on the fact y, the dimensions have numbers of elements in their
domains are n, m, p, ... respectively,

ci, cj, ck, … : scalar constants.
i, j, k, ... : index numbers that are in range [1..n], [1..m], [1..p], ...,

respectively,
µ : average mean of the fact,
αi, βj, γk,... : fact effect values of elements ith, jth, kth of dimension fact effect

value sets α, β, γ,..., respectively,
εijk... : error value.
yijk... : a value of the fact.

5.3 Sample Data Generation Process

Fig. 4 shows the sample data generation process of BEDAWA. The first two steps
(grayed boxes) are considered as preparation steps. The major purpose of these steps
is getting statistical parameters for the sample data. The next steps cover the modeling
and the design of the sample data. In this stage all definitions for the sample data are
completed which are required to generate the sample data automatically. The
statistical parameters and data schemas of the data warehouse are used to model the
sample data architecture [5]. In the sample data generation step, the modeled sample
data are automatically generated.

Users or applications are able to control the sample data generation. That means,
depending on the result of a run of a sample data generation, possible iterations of the
presented steps can be necessary. If for instance the result of the sample data
production does not fulfill the requirements for a prototype, the user will have to go
back to the sample data modeling stage to model the sample data correctly. The user
iterates between these steps until the produced sample data is satisfying. A further
explanation of the sample data generation process is beyond the scope of this paper. A
detailed description can be found in [6].

5.4 Generating Sample Data for Prototypes

Builders of horizontal prototypes for data warehouse systems need the complete data
structures of the data warehouse with or without data. On the other hand, for vertical
prototypes, only a part of data structures is needed, however with a realistic amount
and quality of data. By using the BEDAWA tool, both types of prototypes can be
built. The tool provides a rich set of functionality for modeling the data structures of a
data warehouse system and for describing the quality of the desired sample data.

Following we show how to built a prototype with the star schema shown in Fig. 5.
This star schema is the well-known grocery sample introduced in [8].
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Fig. 4. Process for Generating Sample Data for a Prototype

The generation process of this star schema includes the following steps:

1) Definition of data sources. Data sources are used to identify any necessary data
for the sample data generation of the prototype.

2) Definition of dimensions. Dimension definitions describe the dimension
structures of the modelled sample data. For our example, we define the
dimensions ProductDimension, StoreDimension and TimeDimension. The
dimension data can be either automatically generated or manually copied from
available data sources.
Fig. 6 shows the definition of the StoreDimension. A list of attributes is defined,
which is described by name, data type, size, and number of data items.
Furthermore, each dimension can be constructed based on various hierarchies,
e.g., for TimenDimension dimension we can define two hierarchies as follows:
day • month • year or dayOfWeek • Week • year.
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Fig. 5. Star schema

3) Definition of statistical parameters for the dimensions. The statistical parameters
include distributive information, and fact effect values. Fact effect values
quantify each relationship between a dimension and a fact. Distributive
information is used to specify the distribution of dimension members in the fact
tables for the sample data. The distribution can be statistical distribution or user-
defined distribution parameters.

Fig. 6. Defining store dimension

4) Definition of the facts for the fact table. Each fact is presented by a statistical
model, which represents the relationship between fact values and members of
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dimension components effecting to the fact. For our example, we defined
following three facts illustrated in Table 1.

Table 1. Fact Definitions

Fact Name Fact Definition Error value

F(quatity_sold) 253 + FactEffect(time2_fe1) +

FactEffect(product_fe1) +

FactEffect(promotiondimension_fe1)

Random in

[-10,10]

F(dollar_revenue) 1453 + FactEffect(time2_fe2) +

FactEffect(product_fe2) +

FactEffect(promotiondimension_fe2)

+ FactEffect(storedimension_fe1)

Normal

distribution

µ = 10

σ = 2

F(customer_count) 42 + FactEffect(time2_fe3) +

FactEffect(promotiondimension_fe3)

Random in

[-5, 7]

5) Defining the fact table schema. A fact table consists of various facts defined in
the previously step and dimensions, which should be included in the fact table.
E.g., the Grocery_Store fact table of our example includes the 3 facts
quantity_sole, dollar_revenue, and customer_count and the 3 dimensions
ProductDimension, StoreDimension, and TimeDimension.

6) Generation of sample data. In this step the user specifies the amount of sample
data to be created and starts the generation process. Depending on the type of
prototype (horizontal vs. vertical), the users can decide how large the fact table
should get.

As in the previous steps shown the BEDAWA sample data generating process
supports a flexible specification of the data warehouse metadata (dimension attributes,
dimension hierarchies, fact, fact schema etc.) and business data. As result, such
sample data is a sound basis for building prototypes for a proof-of-concept or proof-
of-performance.

6. Conclusion

The expectation of organizations that more or better requirement and development
tools would be a remedy to all problems of building data warehouse systems cannot
be fulfilled. Case studies about prototyping in large industry projects show that the
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central problem to be solved is the difference between application knowledge and
information processing knowledge [9]. This difference is clearly visible at the gap
between the expectation of stakeholders towards the envisioned system and the
resulting data warehouse system.

In this paper, we stressed the importance of building effective prototypes for closing
this gap. We have shown how prototyping activities are part of the requirement
process and how they facilitate iterative and incremental requirements development.
We discussed different types of prototypes, by using the high-level characterization of
Floyd. We introduced the BEDAWA tool as prototyping tool for generating sample
data for data warehouse systems. The BEDAWA provides a statistical model for the
specification of sample data and allows the generation of sample data of various
amount and type for prototyping and benchmarking purposes.
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Abstract. Data warehousing imposes itself as an attractive solution for
centralizing and analyzing high quality data. In the medical research field, this
technology can be used to validate assumptions and to discover trends on large
amount of patient data. However, like other scientific complex data, medical
data and especially raw sensor data need to be processed before becoming
interpretable. The selection of the process mode is a key issue in the physician’s
reasoning. In our study, we propose a solution to gather data and processes into
a single information warehouse. Our solution provides features for loading,
modeling and querying the information warehouse. Stored data are
multidimensional data (patient identity, therapeutic data…), raw sensor data
(electrocardiogram, X-ray…) and processes. A prototype has been implemented
and is illustrated in the cardiology domain to finalise processes in order to
detect heart arrhythmia and acute myocardial ischemia that may lead to sudden
cardiac death.

1   Introduction

Medical area, like other modern areas, produces increasingly voluminous amounts of
electronic data. Conventional administrative data, therapeutic and diagnostic data,
now are completed with complex data devices such as X-ray pictures, echography,
electrocardiogram, etc… captured by electronic medical This statement of fact, like in
business or retail areas, raised the idea to extract and gather this data lying in
heterogeneous and distributed system (HIS, PACS,…) in order to discover useful
information. Thus clinical data warehousing becomes a solution to collect, store and
manage high quality data for medical studies and researches. So far, many of the
settled clinical data warehouses have been designed for socio-economical purposes,
i.e. to evaluate and improve healthcare costs to follow hospital managers or
administrative authorities demands [3,8,10,16].

An important and rising application field for medical warehousing is medical
research. Indeed, one form of the medical research consists in discovering trends or
confirming hypothesis over large amount of data captured on selected population of
patients. Data warehousing technology then stands as an obviously valuable support.
However, clinical warehousing for research or epidemiological purposes requires
special constraints. [9] draws a description of research issues posed by the
implementation of clinical data warehouses and focuses on the need in advanced
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modeling features in order to represent the high complexity and specificity of medical
data.

Another problem which is barely addressed is due to the semantic of medical data,
and to the way physicians deal with it. In cardiology area, for instance, the main goal
of many researches is to find indicators and descriptors to understand and characterize
heart pathologies [1,12]. This goal induces the scientists to develop efficient
algorithms (based on signal processing, pattern recognition, statistical
methodologies…) to transform the initial data (ECG, representing the twelve leads of
a standard electrocardiogram) or a set of data (current ECG, past ECG, biological
patients’ data,..) into relevant information (data descriptors, risk factors, diagnosis
class…) and to validate them on a large scale database. Beyond the difficulties
encountered in extracting and modeling medical data, this example emphasizes the
difficulty in manipulating, interpreting the data and the need in promoting raw data
into useful information. Still, it relies essential for the physicians not to loose the
relationship with the original raw data and to be always able to go back to it.
Therefore, for a medical warehouse being well-suited for medical research, it should
support numeric and/or textual conventional data (administrative, pharmaceutical,…
data), as well as complex raw data with the tools or features required for their
understanding. These processes are often very hard to elaborate, and one should be
able to share this knowledge, and then to allow the user to modify, adapt, and chain
them differently according to his purposes or specialty. Thus, these processes should
be fully, tightly integrated in the warehouse and be part of it.

In this paper we present a solution, architecture and tools that gather into a single
warehouse, conventional multidimensional data, raw data, and software components
needed for their manipulation, transformation and/or interpretation. The user manages
and displays indistinctly raw or processed data, i.e. relevant information.

Related domains are discussed in section 2. In section 3, we present our proposal
and a case study in cardiology field. Section 4 describes the architecture for an
information warehouse. Section 5 presents our prototype and illustration using the
case study.

2   Related Domains

Data warehouse [7] has became a leading topic in the commercial world as well as in
the research community [2, 5, 15]. Until now, data warehouse technology has been
mainly used in business world, in retail or finance areas for examples. The leading
motivation is to take benefits from the enormous amount of data that relies in
operational databases. Therefore, the storing of arranged data extracted from
distributed systems in subject oriented warehouses, improves and helps
management’s decisions. Warehouse data models [14], known as multidimensional
models, are designed to represent measurable facts or indicators and the various
dimensions which characterize the facts . As an example, in retail area, typical facts
are price and amount of a purchase, dimensions being product, store, time and
customer. Business applications deal with simple types of data, mainly numbers and
text. Applied operations and queries are selection operations, aggregation operations,
rolling-over the dimensions levels and are implemented using extended query-
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languages. When more enhanced features are required, as correlation discovering, or
data mining, then they are provided by add-on tools. Then, data warehouses are
intended to emphasis relevant indicators for decision making, providing organized,
voluminous but simple data, and optimized elementary operations.

In another area, database community has worked for many years on scientific data
management [4,13,17]. [4] is a report on an invitational NSF workshop in the 90’s
that brought together computer scientists and researchers from various fields of the
space, earth and life science. This report highlights special recommendations for the
design and management of scientific databases. It focuses on the need in managing
different types of data, from raw or sensor data to calibrated data (physical corrected
data), validated data (filtered data), derived data (aggregated data) up to interpreted
data. Focus is also on the need in proposing appropriate analysis operators and user
interface suited to the increasing complexity of data and performed algorithms.

Data warehouse experiments have focused on how gathering and sharing data ;
scientific DBMS researches have principally focused on optimization of computations
over large amount of data. Now, an important addressed issue in scientific DBMS is
due to the distributed information sources and users, and platforms heterogeneity and
a significant objective is to be able to share pre-existing knowledge on raw data and
on derivation semantics [6,17]. Thus we believe that building a framework for a
warehouse of scientific data and knowledge could be a solution.

3   Proposal

As argued earlier, processes from scientific domains like signal processing and
analysis, pattern recognition, etc…,  are to be applied on complex raw data to
compute relevant descriptors for the physician. In order to take into account the
specific requirement of the medical research, we propose a solution that gathers data
and software components into a same warehouse of information.

3.1   An Information Warehouse

The information warehouse we propose contains equally data that are modeled in a
conventional multi-dimensional manner (for instance data that are necessary to
compute homogeneous groups of patients), raw data (X-ray, ECG….), and software
components which are needed to manipulate and interpret the data. Raw data on
which software components are applied turns to relevant and valuable information.
The physician who explores the warehouse can select in a same way initial raw data,
and/or processed data for which he can choose and adapt the calculus mode.

Special requirements for a medical information warehouse are :
� Advanced type support: as pointed out by [11] medical data management  demands

to pay a special attention in the design of a model that suits to medical data
specificity: advanced temporal support, advanced classification structure, support
for continuously valued data… These very sensible questions constitute a
substantial problem and are beyond the scope of this article.
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� Complex raw data management: conventional data warehouses are designed to
powerfully handle simple data such as text or numbers. In the medical domain,
many useful data are multimedia, e.g. X-rays, pictures, signals… An information
warehouse should provide storage for this type of data, and enhanced features to
acquire and visualize raw data.

� Integration of software components: to become usable, raw data has to be
processed by increasingly sophisticated programs from several domains (signal and
image processing, statistic methods, pattern recognition, neural network approach
…).  Data processing facilities must be included in the medical information
warehouse in order to specify, select and parameterize processes that transform
data into relevant information.

� Share and re-use of validated processes: design and validation of a process is a
difficult and co-operative task that involves several experts e.g. data acquisition
experts (radiologist, nuclear physicians…), software engineers, and information
interpretation experts (researchers, clinicians, …). A information warehouse can be
an opportunity to share a valuable knowledge by storing validated software
components. New processes can be created incrementally chaining validated
existing processes. This means that the design of the software components must be
modular and generic to be reusable.

� Processed information management: in order to easily build new data
transformation processes, from raw data, and/or processed data, the processed
information must be managed in the same way than the initial stored data. For
example, a pre-processed signal set can become the material for statistical studies
and its access must be complete openness to the researcher when he uses the
information warehouse.

3.2   A Case Study

We now describe briefly a case study from the cardiology domain, which we will use
later to illustrate our proposal. New methods of signal processing and quantitative
electro-cardiology make the electro-cardiogram (ECG) a privileged material to detect
heart arrhythmias and acute myocardial ischemia that might lead to sudden cardiac
death. Among the different measurements that are performed on ECG, one of the
most studied one is called the QT interval. The QT interval measures the time after
which the ventricles are again repolarized (see figure 1).

Fig. 1. An electrocardiogram (ECG)

The duration of a QT is mainly influenced by the inverse of the heart rate (RR).
The method proposes to model the QT dynamic behavior in function of the history of
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RR intervals by means of artificial neural networks. The networks will learn the
following non-linear relationship:

),,...,,( 11 MiMiiii RRRRRRRRfQT -+--= where M is a time delay.

For the modeling of QT dynamics, the neural network model is based on a multi-layer
perceptron (MLP) architecture. The MLP parameters are the number of hidden
neurons and the type of transfer function associated to each neuron. Its learning
capabilities are in the weights of connections between neurons and the bias of each
neuron.

RR and QT calculation

Training set
 composition

Neural
Network
training

Neural Network
Predicting

Comparison
 and Evaluation

Medical diagnosis stage

ECG

Over
-sampling

Down-
sampling

Filtering

Signal processing stage
Identification stageQT RR

Fig. 2. Simplified view of successive stages to transform ECG data for medical diagnosis

Figure 2 shows the software components used to implement this application and
the main stages : signal processing, identification of the Neural Network model and
diagnosis elaboration. Before becoming operational for a diagnosis use, the
development of neural network models needs several incremental steps to increase the
knowledge of the physiological phenomena that operates, to choose the appropriated
parameters and to validate the global process. For instance, questions that have to be
answered are the validity domain of these models (intra or inter patients, night or
diurnal models…), the  pertinence of the data preprocessing, the data set for learning
and the neural network architecture (number of input and hidden neurons for the
model…), or the validity of the diagnosis elaboration. To answer these fundamental
research questions, the study must be interactive and iterative. This means that the
researcher needs not only to access data but also that he has to select, parameterize the
processes to apply. This study highlights the importance of raw data because the
preprocessing is not definitively determined and the original signal is indispensable
for the result interpretation.

4   Architecture and Tools for a Medical Information Warehouse

Our proposal is an integrated system that implements loading, mapping and querying
an information warehouse. Storing is provided by a commercial relational DBMS
with multimedia features. Objects that are integrated in the warehouse can be
traditional data, provided by operational distributed systems, raw data, acquired with
specialised electronic measurement devices, and software components, i.e. processes.
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Initial data and processed data are viewed as information. The proposed system
(figure 3) is composed of functional modules for data integration, process integration,
meta repository management and query interface.

PACSHIS

IW

DIM PIM
MR

Fig. 3. Architecture

In the following, we describe the different modules. Then, in section 5, we describe
our prototype and show, as an example, how the case study described in cardiology
area can be integrated and executed using this tool.

4.1   The Data Integration Module

The data integration module (DIM) implements the classical stages of the data
warehouse loading: extraction of data from the distributed operational systems,
transformation of data and data cleaning. For a Medical Information Warehouse
(MIW), the extraction stage consists in extracting data from the HIS including all
clinical examinations. Data sources may be distributed and heterogeneous. Therefore,
data transformation is the stage that consists in mapping different scheme of data
sources into the warehouse schema. Because our choice is to keep as well as possible
raw data, the data transformation stage is often reduced to a format change to deal
with the possible heterogeneity of the data sources. The cleaning stage is a very
important stage because medical researchers need to use data with a very high quality.
This stage involves specific procedures for invalid, incompatible or missing data. The
data integration module is completely designed with a commercial tool.

Data in the MIW is multidimensional. Data warehouses designers generally use
star schema or snowflake schema to represent the multidimensional data model. In the
presented case study, a complex snowflake schema is implemented. The central fact
entity in the snowflake is the patient, the other entities (heart diseases, pathology
family, sex, age, ECG records, RR sequence and QT sequence for each ECG record,
signal features for each sequence …).  compose the dimensions. Data are stored in a
conventional relational database. Then, the researcher can easily extract patients to
compose homogeneous population by grouping patients with common features. For
example, he can study the population composed of female patients between 25-45
years old with an ischemia pathology and for whom ECG records have particular
signal features.
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4.2   The Processes Integration Module

The processes integration module (PIM) deals with the design, the loading and the
management of software components. A software component is a piece of code, a
program or a function that realizes data transformation.

In the MIW system, a data processing software component is either a Tool or a
Process. A Tool is an elementary function ),( pXfY =  that describes a calculus. A

Tool is defined by:
� a function f (data transformation function),
� the set of input variables X of the function f,
� the set of output resulting variables Y,
� the set of parameters p whose initial values are known or given by the user at run

time of the Tool.

The function f is implemented as a piece of code that performs an elementary
calculus. From the user point of view, a Tool is a black-box that transforms an input
X into an output Y under the control of parameters p. The same yields for the Process
who may be viewed as a black-box composed by elementary Tools. A Process is
obtained by linking instances of Tools or Processes and as for the Tool, a Process
includes input, output and parameters data.

To design a new process, the user first analyses and decomposes his application in
elementary functional blocks. Some of these blocks may already pre-exist or need to
be created as Tools. Then a Process description consists in describing graphically with
an iconic language the links between the Tools or the Processes that compose them.

Let f and g be 2 elementary tools. A process P can be defined linking f and g iff Z
is part of Y. In this case input of P is X and output is W.

YX
f

p

WZ
g

q YX

p

f

WZ
g

q

p, q

P

Fig. 4. Tools and processes

4.3   The Meta Repository Module

The meta repository module manages the logical view of initial data and processed
information. It is used both for the processes integration and the exploitation of the
MIW for medical researches. It gives a common user interface with an unified
vocabulary. An Information is defined by:
� a Name (character string) ;
� a Descriptor ;
� and eventually a Value.



Information Warehouse for Medical Research         215

The Descriptor structures the data according to the user point of view and
introduces semantic knowledge and relations between Information. It is used to
describe complex and/or abstract types of the input X and the output Y of the tool or
process described above.

A Descriptor is composed of:
� an Identifier (character string);
� a Type (single, list or structure);
� an Interface for the visualisation of the information. If multimedia, the interface

can be a complex viewer tool;
� and eventually an Inheritance Link.

For instance, the Descriptor NAME has a character string type, the Descriptor
DATE is alphanumeric, HEIGHT and WEIGHT are two Descriptors with numeric
type, the Descriptor ECG has a matrix type to store the 12 leads of a standard
electrocardiogram. The Descriptor ECG_LIST is defined as a list of ECG Descriptors.
All these Descriptors are used in the definition of the Descriptor PATIENT.
PATIENT is a Descriptor with a Type structure composed as:

Descriptor PATIENT
Field Name Field Descriptor
Patient_name NAME
Creation_date DATE
Modification_date DATE
Patient_Date_of_birth DATE
Patient_height HEIGHT
Patient_weight WEIGHT
Patient_sex CHARACTER
Patient_ECG ECG_LIST

The Descriptor POPULATION is a list of PATIENT descriptors. With these
descriptors, the following information can be defined:
� Mr Smith is an information, with Descriptor PATIENT, and Value (Smith,

01/01/2001, 03/01/2001, 14/12/1954, 1m80, 80kg, M, {ecg1, ecg2}).
� The population IschemicPatients is an information with Descriptor

POPULATION, and Value (Smith, John, James).

4.4   Interoperability and Mediation

The inheritance relationships between descriptors are used to enforce consistency
rules while linking tools or processes. Let A and B be two elementary Tools (figure
5), Ya the output of A and Xb the input of B, the connection between A and B is
possible if and only if:
� Xb and Ya have the same Descriptor, or
� Ya is a list of elements, and each element has the same Descriptor than Xb, or
� The Descriptor of Ya inherits of the Descriptor of Xb, or
� Ya is a field of the Descriptor of Xb, or
� Xb is a field of the Descriptor of Ya.



216 A. Tchounikine, M. Miquel, and A. Flory

Y aX a A X b B
Y b

Fig. 5. Connections between pair of Tools A and B

The concept of Descriptors operates at the design step to detect mistakes or
anomalies in a connection. For instance, this notion prevents from the interconnection
of Processes that use Information in different metric units (miles versus km). In this
case, the use of mediators is necessary to adapt the output Information to the input
Information (figure 6).

Y *
aX a A B

X bM AB
X *

a Y a Y b

Fig. 6. Use of a mediator Tool

Mediators are used mainly to convert data (basic mathematical operator) or to
extract and structure data (adaptation of data views, translators). In the MIW System,
mediators are specific Tools but are managed the same way and use the same
consistency rules. They provide software and data interoperability.

5   Prototype

The MIW System has been designed following an object-oriented approach and coded
in Visual Basic language. The Interfaces associated to the Descriptors are ActiveX
controls. For the moment, the functions included in the Tools are coded in Matlab, but
extensions to C or C++ programs are allowed by the DLL functionality.

Process description Window :the first
point symbolises the input of the
Process (or the beginning of the
transformation) and the second one the
output data (or the end of the
transformation).

The Palette
Window lists
the existing

Tools or
Processes

Main Window for the
creation of new objects

Fig. 7. Main MIW Interface windows

The user interface for the system has been developed to allow the users to have
direct access to the MIW objects (Descriptors, Information, Tools and Processes). The
interface is based on two main windows (figure 7): the first one lists the existing
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Tools and Processes, the second one is the window for the creation of new objects.
Inside, a window contains the description of a Process.

Figure 7 displays a typical process for the identification and the use of a predictive
model. It is composed of three Processes: the preprocessing of the data, the
determination of the parameters under laying the predictive model (model
identification) and the process implementing the predictive model. Figure 8 shows the
identification Process which is composed itself by three elementary Tools and one
Process.

The connections between the Tools or the Processes are graphically represented by
links. To simplify the schemes, only one link is drawn between two Processes, even if
it represents several logical connections. Figure 8 shows a window for the logical
description of a link between the two Processes. Each input or output flow is
described by its Descriptors and the user must specify the effective connections. The
previous connection rules are then applied for the semantic control of the links.

In this dialog window, the left panel lists the
input flow of the prediction Process. The right
panel lists the output flow of the identification
Process. The selected Data are interconnected
and below the lists, the Descriptors of the
selected Information are displayed.

Window showing a Process composed
by three elementary Tools and one

Process. One can note that links
between elements can be complex.

Fig. 8. Logical description of a link

6   Summary

In this paper, we propose a framework for the design, implementation and
exploitation of an information warehouse that supports specific medical requirements:
handle of  complex and multimedia data,  storage of raw sensor data, handle of
information derived from raw data, storage and election of the processes that
implement data derivation. We believe that this framework generalizes well to others
scientific fields. The proposed tools supply features for loading software components
into the warehouse, for describing metadata and for accessing information through
metadata. In the actual version, the description of the universe, i.e. the meta-
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dictionary, is entirely under the user’s responsibility. The use of a domain-specific
core ontology could greatly improve this task.
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Abstract. Data warehouse projects are notoriously difficult to manage and
many of them end in failure. One explanation for the high failure rate is that
managers are not taking prudent measures to assess and manage the risks
involved in the data warehouse project. In this paper we introduce the goal-
driven risk management approach of the easyREMOTEDWH framework. We
classify the risks of a data warehouse system into categories of risk sources and
discuss their consequences to the data warehouse project. Further, we show the
relevance of risks to the go/no-go decision of the data warehouse project.
Finally, we present an approach for documenting data warehouse risks.

1. Introduction

Data warehouse projects are characterized by high decision stakes and high levels of
system uncertainty. As such data warehouse projects are difficult to plan and develop
with traditional project management methods. Because of the peculiarities and
characteristics of data warehouse systems, the project management for such systems is
a challenging task. Data warehouse systems are complex, large-scale and constantly
evolving systems, which integrate the data of many software systems of an
organization. They are used by a wide-range of users with very heterogeneous
requirements.

Project managers of data warehouse projects have to cope with new major
challenges, which also have a strong impact on the risk management activities.
Following characteristics of data warehouse systems make a risk management
different to traditional software projects:

User Heterogeneity. Because data warehouse systems are designed and constructed
to address concrete business problems or opportunities, the users drive the data
warehouse requirements. Data warehouse systems have to cope with a wide
heterogonous range of users. The data warehouse requirements have to express all the
needs of these users, but also arising conflicts between the user requirements have to
be resolved.
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Growth and Scalability. A user-driven data warehouse system typically grows fast
- in numbers of users and volume of data. For instance ERP sources fuel this rapid
expansion because they contain huge amounts of detailed data, which users may want
to analyze inside a data warehouse. The constant growth of historical business data
can cause bottleneck problems for the data warehouse system.

System Evolution. Data warehouses are high-maintenance systems.
Reorganizations, product introductions, new pricing schemes, new customers,
changes in production systems, and so on are going to affect the data warehouse. If
the data warehouse is going to stay current (and being current is absolutely
indispensable for user acceptance), changes to the data warehouse have to be made
without delay.  Therefore, the data warehouse system has to evolve with the business
trends. Risk management has to consider the evolutionary development.

Open System Architecture. Ideally, all data warehouse applications should be
supported by a common enterprise architecture that standardizes processes,
components, and tools, eliminates redundant activities, and rationalizes business rules
and data definitions. Proprietary data warehouse solutions and the lack of supporting
existing standards for data warehouse systems can be a major risk factor for a data
warehouse project.

System Integration. Data warehouse systems are fed from a wide range of software
systems of the organization. Therefore, most of the effort for building a data
warehouse system is integrating the data of those software systems.

Many data warehouse risks are reflected by one or more of these characteristics of
a data warehouse. This paper presents the easyREMOTEDWH approach, which
addresses these risk sources and provides a solid framework for managing these risks
including tool support.

The remainder of this paper is organized as follows. In section 2, we discuss the
contribution of this paper and related work. In section 3, we classify data warehouse
risks and discuss risk consequences to the data warehouse project. In section 4, we
discuss the impact of data warehouse risks to the go/no-go decision of a data
warehouse project. In section 5 and 6, we introduce the easyREMOTEDWH risk
management process and discuss its activities in detail. Section 7 shows templates of
the easyREMOTEDWH prototype, which can be used to document risks. Finally, in
section 8 we present our conclusion.

2. Contribution and Related Work

Since the 1970s, both academics and practitioners have written about managing risks
of software projects [2, 3, 5]. Unfortunately, much of what has been published on risk
management is based on studies limited to a narrow portion of the development
process of software projects. With a few exceptions [1, 6], there has been little
attempt to understand the relative importance of various risks or to classify them in
any meaningful way. The characteristics of data warehouse systems are different to
normal software projects [8] and therefore, there is a need for a more systematic
investigation to identify the major risks that can impact a data warehouse project to
classify these risks, and to develop appropriate risk management strategies.
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Most risk management approaches do not explicitly support different stakeholder
perspectives [3, 4], and those that do, often limit the number of stakeholders and
assume that consensus can be reached [9]. Kontio presents in [7] the risk management
method Riskit that is based on sound theoretical principles and thus avoids many of
the limitations and problems that are common to many other risk management
approaches in software engineering. Reskit also includes goals for representing
different perspectives of stakeholders. While the Riskit method can be applied in
many other domains, such as business planning, technology selection etc., it has been
originally developed for software development projects. Therefore, its main features
correspond to the risk management concepts and practices required in traditional
software projects.

Boehm introduces in [2] a risk management approach for software projects. The
projects and environments that were the basis of Boehm’s work might not, however,
be representative for data warehouse projects. Furthermore, both the organizational
and technological landscape has changed considerable since Boehm’s work appeared:
new organizational forms and systems development environments have emerged, new
mechanisms have evolved for acquiring systems (e.g. outsourcing and strategic
alliances), and centralized, web-focused systems architectures open new business
opportunities for organizations. For all of these reasons, we propose a reexamination
of the risk management issue for data warehouse systems.

3. Categories and Consequences of Data Warehouse Risks

Risk management sets forth a discipline and environment of proactive decisions and
actions to continuously assess what can go wrong in the data warehouse project, what
risks are important to consider, and what strategies to implement to deal with those
risks. Data warehouse projects face many kinds of risks besides those related to the
project scope and the requirements (see Figure 1).

Dependency on external entities, such as subcontractors, external systems or other
related projects, is also a common source of risks for data warehouse systems. The
project management is fraught with risks caused by poor estimation, rejection of
accurate estimates by managers, insufficient visibility into project status, and staff
turnover. A disconnection between the data warehouse and business objectives can be
the reason for unfulfilled business returns. The absence of an executive commitment
can endanger the sponsorship for the data warehouse system. The failure of constant
selling and promoting the data warehouse system internally to the users can result in a
rejection of the new system. Escalated project scope by additional data subject areas
or including other user groups makes an accurate identification and measurement of
deliverables difficult. The bundling of a data warehouse project with other projects
can be easier to justify or fund. Because data warehouse systems are complex and
involve various kinds of technologies, technology risks can arise.

Lack of knowledge is another source of risk, as with practitioners who have
insufficient experience with technologies being used or with the application domain.
Successful data warehouse project must respond to changing user community and
their information needs. Lack of an ongoing post-implementation support can cause
under-utilization of the data warehouse system.



222         R.M. Bruckner, B. List, and J. Schiefer

Categories of Risk Sources

v Mission and Goals
v Decision Drivers
v Organization Management
v Stakeholders / End Users
v Budget / Costs
v Business Return / Economic Value
v Schedule
v Project Characteristics
v Project Bundling
v Development Process
v Development Environment
v Personnel, Data Warehouse Team
v Operational Environment
v End User Training / Education
v New Technology
v Legal Restrictions, Privacy
v Data Sources / Data Staging
v Software / Hardware Requirements

Project Consequences

v Cost Overruns
v Schedule Slips
v Inadequate Functionality
v Scope Escalation
v Canceled Projects
v Sudden Personnel Changes
v Stakeholder / User

Dissatisfaction
v Unfulfilled Business Return
v Demoralized Staff
v Poor Data Warehouse

Performance
v Legal Proceedings
v New Software / Hardware
v Poor Data Quality
v Under-utilization

Fig. 1. Risk Sources and Consequences for Data Warehouse Projects

4. Impact of DWH Risks to Go/No-Go Decision

The go/no-go decision of a data warehouse project is strongly influenced by the
project risks. Besides the analysis of the risks, also measuring the required effort and
determining the values for the stakeholders, makes a composite assessment of the
overall worth of the data warehouse system possible.

Go/No-Go
Decision

Effort

Risks
Stakeholder

Value

Fig. 2. Go/No-Go Assessment for a Data Warehouse Systems

Figure 2 shows the three relevant dimensions for this assessment. Each of the
surrounding bubbles in Figure 2 represents one of the factors that determine if the data
warehouse system is worthwhile. The effort bubble can be assessed using function
points, use case points or some other size measurement, and represents the cost of
construction. The stakeholder value bubble is assessed using metrics such as
satisfaction and dissatisfaction ratings. The risks bubble is a measure of the severity of
risks determined by the risk analysis activity. Based on the composite assessment of
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all factors, the decision for continuing or stopping the data warehouse project must be
made.

5. Risk Management Activities

Risk management is the application of tools and procedures to contain project risks
within acceptable limits [10]. The management of risks for data warehouse systems
should provide a standard approach to identify and document risk factors, evaluate
their potential severity, and propose strategies for mitigating those risks [11]. Risk
management includes the following activities (see Figure 3):

Risk Management

Risk Control

v Management Planning
v Resolution
v Monitoring

Risk Assessment

v Identification
v Analysis
v Prioritization

Risk Avoidance

v Not Undertaking Projects
v Relying on Proven Technology
v Excluding Features

Fig. 3. Risk Management Activities

Risk assessment is the process of examining the data warehouse project to identify
areas of potential risks. The risk identification can be facilitated with lists of common
risk factors of data warehouse projects. During risk analysis, the potential
consequences of specific risks to the data warehouse project are examined. Risk
prioritization helps to focus on the most severe risks by assessing the potential risk
exposure from each.

Risk avoidance is one way to deal with a risk by simple avoiding risky things.
Risks can be prevented by not undertaking certain projects, by relying on proven
rather than cutting-edge technologies when possible, or by excluding features that will
be especially difficult to implement correctly.

Risk control activities are performed to manage the identified top-priority risk
factors. Risk management planning produces a plan for dealing with each significant
risk, including mitigation approaches, contingency plans, owners, and timelines. Risk
resolution involves executing the plans for mitigating each risk. Finally, a tracking
process for resolving each risk item through risk monitoring is essential. It is
important to revise the contents and priorities of the risk items periodically to monitor
how well the risk mitigation actions are working.

6. Risk Management Process

When a data warehouse team applies risk management, it proactively assesses risks of
the data warehouse project continuously, and uses them for decision-making in all
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phases of the project. They carry the risks forward and deal with them until they are
resolved or until they turn into problems and are handled as such. Figure 4 shows the
steps of the proactive risk management process of the easyREMOTEDWH framework.

Problem Indicators,
Changes in Situation

Assessed and
Prioritized Risks

Risk Actions
Expected Results,

Project Data

Changed State
of Risks

Identification

Analysis

Planning

Tracking

Control

Goal Definition /
Review

Goal
Definitions

Risk Statements

Fig. 4. easyREMOTEDWH Risk Management Process

Goal Definition / Review

This step identifies and defines the project goals and stakeholders, including means to
keep goal definitions up-to-date. Goals represent the perspectives of the envisioned
data warehouse system. When risk scenarios are defined, their impact to the data
warehouse project is specified by the stated project goals. This allows full traceability
between risks, goals and stakeholders: each risk can be described by its potential
impact on the agreed project goals, and each stakeholder can use this information to
rank risks from their perspective.

Risk Identification. Risk identification offers the data warehouse team the
opportunities, cues, and information that allow them to reveal major risks before they
adversely affect the data warehouse project. Depending on experience, different
stakeholders and members of the data warehouse team will see the data warehouse
project and the related risks differently. Before the risks of a data warehouse system
can be managed, they must be expressed clearly. When stating a risk, the data
warehouse team must consider not only a symptom, but also a result. Hence, the
statement of risk should include what is causing the situation to arise (risk condition)
and the expected result (risk consequence). Therefore, risk statements are made up of
a condition and at least one consequence of the condition. The condition is something
perceived to be true today (it could be a problem, something neutral, or even a good
thing) from which undesirable outcomes for the data warehouse system are expected.
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Section 7 shows how risk statements are implemented in the easyREMOTEDWH

prototype.

Risk Analysis

Risk analysis ensures that the data warehouse team is working on the right risks. Risk
analysis is the conversion of risk data into risk decision-making information. The risk
is composed of two factors: (1) risk probability and (2) risk impact. Both factors are
used for determining the exposure of a risk.

Risk Probability. Risk probability is the likelihood that an event will actually
occur. Risk probability must be greater than zero, or the risk does not pose a threat to
the data warehouse project. Likewise, the probability must be less than 100 percent or
the risk is a certainty.

Risk Impact. Risk impact measures the severity of adverse affects, or the
magnitude of a loss, if the risk comes to pass. If the risk has a financial impact, a
value in currency can be the preferred way to quantify the magnitude of loss. The
impact to the schedule of the data warehouse project (in man days) can also measure
the loss by a risk. Risks can also be quantified by a level of impact where a subjective
scale (i.e. from 1 to 5) rates the viability of project success. High values indicate
serious loss to the project. Medium values show loss to portions of the data warehouse
project or loss of effectiveness.

Risk Exposure. To evaluate a list of risks, the overall threat of each risk needs to be
calculated. Sometimes a high-probability risk has low impact and can be safely
neglected; sometimes a high-impact risk has low probability and can safely neglected
as well. The risks that have high exposure (= high probability and high impact) are the
ones worth managing. Therefore, risk exposure is a function of both the probability of
incurring a loss due to the risk and the potential magnitude of that loss.

Risk analysis weighs the threat of each risk to help decide which risks merit taking
action. Managing risk takes time and effort away from other parts of the data
warehouse project, so it is important for the data warehouse team to do only what is
absolutely necessary to manage them. The data warehouse team should not spend
much time in quantifying risks too precisely. The goal of risk analysis is to
differentiate the most threatening risks from those, which do not need to be tackled
immediately.

Risk Planning

Risk planning activities turn risk information into decisions and actions. Planning
involves developing actions to address individual risks, prioritizing risk actions, and
creating an integrated risk management plan. The goals of risk planning include (1)
reduction of the probability that a risk will occur, (2) reduction of the magnitude of
loss, or (3) change of the consequences of a risk.

In general, groups new to risk management have trouble dealing with more than 10
risks [11]. Therefore, a data warehouse team should consider only a limited number of
major risks that must be managed. After the data warehouse team has ranked the risk
exposure, it can focus on a risk management strategy and how to incorporate the risk
action plans into the overall project plan.
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Risk Contingency Strategy. The idea behind a contingency strategy is to have a
fallback plan in place that can be activated in case all efforts to manage a risk fail. For
example, a new release of a particular ETL (Extraction, Transformation, Loading)
tool is needed so that the data of a particular legacy system can be loaded into the data
warehouse system, but the arrival of the tool is at risk. The data warehouse team
might devise a plan to use an alternate tool or develop an own solution for the loading
of the data. Simultaneous development may be the only contingency plan that ensures
that the data warehouse system is implemented in time. Deciding when to start the
second parallel effort is a matter of watching the trigger value for the contingency
plan. Often the data warehouse team can establish trigger values for the contingency
plan based on the type of risk or the type of consequence for the data warehouse
project that will be encountered.

Risk Tracking

Risk tracking activities include the monitoring of the risk statuses by the data
warehouse team, and ensure that actions are taken to mitigate the risks. Risk tracking
is essential to an effective action plan implementation. Therefore, risk metrics and
triggering events help ensure that the planned risk actions are working. Tracking is the
watchdog function of the risk action plan.

An effective way of tracking risks are risk status reports, which show risk exposure
vs. time [11]. Risk status reporting can identify four possible risk management
situations:

• A risk is resolved, completing the risk action plan.
• Risk actions are tracking the risk management plan, in which case the risk

actions continue as planned.
• Some risk actions are not tracking the risk management plan, in which case

corrective measures should be determined and implemented.
• The situation has changed significantly with respect to one or more risks and

will usually involve reassessing the risks.

Risk Control

Risk control is the last step of the risk management process. After the data warehouse
team has chosen risk metrics and triggering events, risks can be similarly controlled as
data warehouse requirements. Therefore, risk management melds into the project
management processes to control risk action plans, correct for variations from the
plans, respond to triggering events, etc. Controlling a risk includes:

• Altering the mitigation strategy when it becomes ineffective.
• Taking action on a risk that becomes important enough to require mitigation.
• Taking a preplanned contingency action.
• Dropping to a watch-only mode at a specific threshold.
• Closing the risk when it no longer exists.

Williams states in [11] that risk information is only useful if it is accessible and
easy to understand. Therefore, it is advantageous to hold the risk information in a
database. Having the risk data online and accessible to stakeholders and the data
warehouse team lets them adjust risk information or enter new risks as soon as they
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are identified. Furthermore, this information will be a significant benefit to the
organization on future data warehouse projects.

7. Documenting Data Warehouse Risks

The risks of a data warehouse system need to be documented and managed in a way
that allows the data warehouse team to communicate risk issues to stakeholders
throughout the project’s duration. In this section we show how to document data
warehouse risks by risk statements and risk action statements facilitated by the
easyREMOTEDWH prototype, which is implemented in Lotus Notes.

Risk Statements

During the risk identification and risk analysis activities, risk statements gather
essential information about data warehouse risks. As mentioned in the previous
section, risk statements have a condition-consequence structure. Table 1 shows the
sections of a risk statement used by the easyREMOTEDWH prototype.

Table 1. easyREMOTEDWH Prototype: Risk Statement

Section Description
Risk ID A number, which uniquely identifies the risk statement.
Risk Category This section indicates the focus area (i.e. implementation, deployment,

enterprise architecture management), or the risk factor category (i.e.
decision drivers, schedule, budget/costs) that is used to identify the risk.

Risk Rational The risk rationale is the reason behind the occurrence of the risk. It contains
additional background information that helps to clarify the risk situation.

Risk Condition A natural language statement describing an existing condition that could
possibly cause a loss for the data warehouse project.

Risk Consequence A natural language statement describing the loss that would occur to the
data warehouse project if the risk became certain.

Resolution Needed By A date, which indicates when the risk has to be at the latest resolved.
Affected
Requirement(s) /
Use Cases

This section lists requirements and use cases, which are affected by the
risk.

Related Risks This section lists dependent risks.
Risk Status The current status of the risk. Possible statuses are: Unresolved, Resolved,

Being Investigated.
Risk Probability A percentage number  representing the likelihood that the risk condition

will actually occur, resulting in a loss.
Risk Loss The risk loss is the magnitude of impact, if the risk will actually occur. This

number could be the loss of money or time, or simply a number between 2
and 10 that indicates relative magnitude (see Table 2).

Risk Exposure The risk exposure measures the overall threat of the risk to the data
warehouse project by balancing the likelihood of the actual loss with the
magnitude of the potential loss. The data warehouse team uses the risk
exposure to rate and rank the risks.

Risk Action Statement

Risk action statements determine the necessary steps for mitigating a risk or defining
a contingency plan for the risk. Table 2 lists the sections of a risk action statement
form. The risk action statement form distinguishes between actions for the risk
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mitigation (“Planned Actions” section) and actions for a contingency strategy (“Risk
Contingency Strategy” section).

Table 2. easyREMOTEDWH Prototype: Risk Action Statement

Section Description
Risk Action ID A number, which uniquely identifies the risk action statement.
Risk ID The number of the risk statement, which belongs to the risk action statement.
Planned Actions This section lists planned actions the data warehouse team will take to manage the

risk.
Fit Criteria for
Risk Action

A fit criterion for risk actions specifies how the data warehouse team will know that
the planned actions have been successfully done.

Assigned To This section lists people assigned to perform the planned action items.
Date To Finish The date, when each planned action item has to be completed.
Risk Contingency
Strategy

This section describes the strategy in the case that the actions planned to manage the
risk will not work.

Fit Criteria for
Risk Contingency
Strategy

The fit criteria for the risk contingency strategy specify how the data warehouse
team will know that the risk contingency strategy has been successfully done.

Risk Contingency
Strategy Triggers

This section lists the metrics and triggers that the data warehouse system will use to
determine when the risk contingency strategy should be put into effect.

8. Conclusion

In this paper we stressed the importance of risk management for data warehouse
projects. We have shown that data warehouse projects have characteristics that makes
risk management different to traditional software projects. Using a systematic
approach for risk management facilitates the control of these risks by the data
warehouse team. We have shown different categories of risk sources and risk
consequences for a data warehouse project. We introduced the easyREMOTEDWH risk
management process and discussed its activities in detail. The risk management
approach of easyREMOTEDWH is goal-driven and allows stakeholders to manage the
risks from different perspectives. We also introduced templates for capturing risk
information, which are implemented by the easyREMOTEDWH prototype.
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Abstract. Data warehouses (DW) are built by gathering information
from distributed information sources (ISs) and integrating it into one
customized repository. In recent years, work has begun to address the
problem of view maintenance of DWs under concurrent data updates of
different ISs. The SWEEP solution is one solution that does not require
the ISs to be quiescence, as required by previous strategies, by employ-
ing a local compensation strategy. SWEEP however processes all update
messages in a sequential manner. To optimize upon this sequential pro-
cessing, we now propose a parallel view maintenance algorithm, called
PVM, that incorporates all benefits of previous maintenance approaches
while offering improved performance due to parallelism. We have iden-
tified two issues critical for supporting parallel view maintenance: (1)
detecting maintenance-concurrent data updates in a parallel mode, and
(2) correcting the problem that the DW commit order may not corre-
spond to the DW update processing order due to parallel maintenance
handling. In this work, we provide solutions to both issues. We have
implemented both SWEEP and PVM in our EVE data warehousing sys-
tem, and our studies confirm the multi-fold performance improvement of
PVM over SWEEP.

1 Introduction

Background. Data warehousing [4] is an important technology to integrate data
from distributed information sources (ISs) in order to provide data to for ex-
ample decision support or data mining applications. Once a DW is established,
the problem of maintaining it consistent with the underlying ISs under updates
becomes a critical issue. It is typically more practical to maintain the DW incre-
mentally [1,8,7] instead of recomputing the whole extent of the DW due to the
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large size of DWs and the enormous overhead associated with the DW loading
process.

In recent years, there have been a number of algorithms proposed for view
maintenance [8,9]. ECA [12] handles view maintenance under concurrent data
updates of one centralized IS, while Strobe [13] and SWEEP [1] handle dis-
tributed ISs. There is a time period during which the extent of the DW will be
temporarily inconsistent with that of the ISs.

Our Approach. In this paper, we propose an efficient algorithm called Parallel
View Maintenance, or short PVM, that preserves all advantages of its prede-
cessors, including SWEEP [1], while overcoming their main limitation in terms
of performance caused by sequential processing. In particular, SWEEP handles
data updates sequentially enforcing all data updates to queue at the DW manager
until the data updates (DUs) received before them have been fully processed.
Such sequential processing time in a DW system build over distributed ISs re-
quires the system responsible for DW processing to wait for the processing of
the DBMS server in each IS as well as for transmissions of results or update
messages over the network. Although a variation called Nested-SWEEP handles
multiple DUs in a more efficient way by reusing part of the query results, it
puts more requirements on the DUs, e.g., requires the DUs to be non-interfering
with each other in order to terminate. We will show that PVM more efficiently
handles a set of concurrent data updates than previous solutions by paralleliz-
ing the DU handling process. Such optimization would lead to an improvement
of the timeliness and hence quality of the DW content, which is important for
time-critical applications like stock market and monitoring-control systems.

In this work, we identify two research issues central to enabling a parallel so-
lution of view maintenance. The first issue is how to detect conflicting concurrent
data updates within a parallel execution paradigm. The second issue is how to
handle the random commit order of effects of data updates at the DW, which we
call the out-of-order-DW-commit order, caused by the parallel execution of the
view maintenance process without blocking incoming DUs. Our PVM solution
proposed in this paper solves both problems.

A full implementation of PVM and the most popular contender in the litera-
ture (SWEEP) within our EVE [10] data warehousing testbed has been accom-
plished. Our evaluation based both on a cost model as well as on experimental
studies has shown that PVM achieves a many-fold performance improvement
over SWEEP [11].

2 Background on View Maintenance

View maintenance is concerned with maintaining the materialized views up-to-
date when the underlying information sources (ISs) are modified over time. The
straightforward approach of recomputing the whole view extent for each data
update is not realistic. Instead, an incremental solution that only calculates
the effect of each data update from the ISs and updates the data warehouse
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incrementally is typically more efficient. If two data updates are separated far
enough in time so that they do not interfere with each other during maintenance,
then this incremental approach is straightforward. In this case, when a data
update ∆Ri happened at base relation Ri and is received at the middle layer, the
incremental changes are computed by sending down subqueries of the following
query [6,7] to the respective ISs:

∏

attributes

σpredicates(R1 1 ... 1 ∆Ri 1 ... 1 Rn) (1)

We introduced the notations used in this paper in Table 1. The subqueries
are generated in the sequence that starts from joining the relations on the left
side of ∆Ri, and then continues to join the relations on the right side.

Table 1. Notations

Notation Meaning
DUi A Data Update with unique subscript i.
Qi A Query for handling DUi.
QRi The Query Result of Qi.
ISm An Information Source with unique index m.
SQi,m A Sub-Query of Qi being sent to ISm.
SQRi,m A Sub-Query Result of SQi,m.

However, due to the autonomous nature of the sources participating in the
data warehouse, this kind of separation in time cannot always be guaranteed.
Hence, we have to maintain the data warehouse under possibly concurrent data
updates that are not separated far enough to accomplish the naive incremental
maintenance illustrated above. Recent work by [13,1] proposes special techniques
such as compensation queries to correct for possible errors caused by the con-
currency.

3 PVM: A Parallel View Maintenance Solution

3.1 View Maintenance under Concurrent Data Updates

Because the data updates are happening concurrently at the ISs, one data up-
date DU2 at ISj could interfere with the query processing of a query sent by
the middle layer to this ISj to handle another data update DU1. We call this
data update DU2 a maintenance-concurrent data update as it takes place
concurrently with the maintenance process servicing other updates.

Definition 1. Let DUi and DUj denote two DUs on ISm and ISn respectively.
The data update DUj is called maintenance-concurrent with the update DUi,
denoted by DUj ` DUi, iff:
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i) DUi is received earlier than DUj at the middle layer, (i.e., i < j)
ii) DUj is received at the DW before the answer of the sub-query SQj,n

on the same ISn generated by the DW for handling DUi. An update DUp is
maintenance-concurrent, if there exists at least one DUq for some q < p
such that DUp ` DUq.

DW

ISa

ISb

Legend

Time:

Message:

DU1[1]

DU1

DU2

DU2[2] Q1SQ1,b

SQ1,b SQR1,b

SQR1,b[3] QR1

Fig. 1. Definition of a maintenance-concurrent Data Update

For example, in Figure 1, DU1 occurs at ISa and DU2 occurs at ISb respec-
tively. We assume that DU1 is received at time t = 1, denoted as DU1[1], which
is earlier than DU2 at time t = 2, denoted as DU2[2], at the DW middle-layer.
Then the DW middle-layer generates a query Q1 in order to handle DU1[1]. The
query Q1 will then be broken into sub-queries to be handled by each IS. The
sub-query SQ1,b that is generated from Q1 is sent to ISb. Since DU2 occured
before ISb received SQ1,b, DU2 is received earlier than the query result of SQ1,b,
denoted as SQR1,b, at the DW. Then, the DW will assign t = 3 to SQR1,b and
denotes it as SQR1,b[3] in the middle layer. At the DW middle layer, based on
the timestamp, we can see that DU1[1] was received earlier than DU2[2] and
DU2[2] was received earlier than SQR1,b[3]. This means that DU2 affected the
sub-query result SQR1,b. By Definition 1, DU2 is said to be a maintenance-
concurrent data update.

3.2 Architecture of PVM

We now introduce the architecture of the PVM system in Figure 2. The Up-
dateView process is responsible for updating the materialized view of the DW
and the ViewChange function is responsible for calculating the effect of a data
update on the DW. ViewChange is the function with the largest overhead as it
is (1) waiting for remote queries to be processed by ISs, (2) handling multiple
queries, and (3) possibly restricted by processing these remote queries one by
one in some sequential order. This results in waits due to IS processes and trans-
missions over the network. Hence, we propose to multi-thread this functionality
to handle more than one data update at the same time.

The AssignTimeStamp process assigns a middle-layer timestamp to each in-
coming message, including both data updates and query results, to help with
the detection of concurrent data updates. Every item in the UMQ now has an
annotated timestamp, denoted by t in Figure 2. If one update and one query
result are received at the same time, we know that they come from different ISs.
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That means, the query result will not be affected by the data update. Hence, the
order assigned to those two messages will not cause any additional concurrencies.
Only the data updates in the UMQ received earlier than the query result and
from the same IS as the query result will be treated as concurrent data updates.

In order to parallelize the view maintenance process, we introduce two mod-
ules, i.e., Related Processed Update (RPU) set and the Parallel Processing Update
(PPU) set, where it keeps all the updates processed in parallel, that both are
not found in other VM systems.

3.3 Issue 1: Detection of Maintenance-Concurrent DUs under
Parallel Execution

A Motivating Example Illustrating the Problem. In Figure 3 there are
two data updates DU1 and DU2 from ISs IS1 and IS2, respectively. DU1 arrived
at the DW before DU2. So DU1 is handled first. However, DU2 affects the query
result QR processed at IS2, which is used to calculate the effect of DU1. So
DU2 is a maintenance-concurrent data update by Definition 1. In Figure 3
we can see that DU2 waited in the UMQ to be handled and then is stored in
the PPU set, while being handled. They are being finally erased from the PVM
system after having been handled. However, we assumed that DU2 is handled
faster than the processing of DU1. So, before DU1 receives the query result QR
from the IS2, DU2 has already been removed from the PVM system. Hence,
PVM can no longer detect the maintenance-concurrent data update DU2 by
only checking UMQ and PPU. Thus the final state of the DW after handling the
DU1 and DU2 updates would be inconsistent with the state of the ISs.

Solution of Detecting Maintenance-Concurrent DU. The reason for this
problem is that there is no tracking of data updates that have been completely
handled already but may still be needed for the purpose of future concurrent
data update detection. We address this problem by keeping the completely han-
dled data updates in a special holding place where we can check for potential
concurrent data updates.
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Definition 2. [Related Processed Updates]: A data update (DU) already
completely handled by the middle layer is a related processed update if there
exists at least one data update DUj received before DUi by DW that hasn’t been
completely handled by the ViewChange process yet.

In order to solve this problem, we put a data storage into the PVM system
(Figure 2) in addition to the PPU set, called the RPU set. It will maintain
all related processed updates until their retention becomes no longer necessary.
The ViewChange process handles one data update DUi and commits the effect of
that DUi to the data warehouse, it will first clean up the RPU to remove all the
unrelated processed DUs that do not satisfy Definition 2. This can be done by
simply checking the timestamps and IS indices of DUs in PPU and RPU. Then
it will check whether the DUi is a RPU. If it is a RPU, the ViewChange process
will put it into the RPU set. Figure 3 illustrates the relative time intervals for
the DU along the time-line of ViewChange process.

3.4 Issue 2: Out-of-Order DW Commit

A Motivating Example. In a parallel environment, view maintenance algo-
rithms may work on multiple data updates. Some of the DUs may need a shorter
processing time than others. For example, different DUs terminate at different
iterations due to an empty query result or due to different network delays on
connections to different IS. If every view maintenance thread could commit their
change to the data warehouse independently, this could allow us to avoid such
unnecessary waits and thus to increase system performance. However, in that
case, the commit order of the updates will not match the order of the data up-
dates received at the middle-layer. Hence, it will result in an inconsistent state
of the DW extent, meaning that there is no IS space state that matches it.

Assume we have two relations A and B with DW defined by DW = A × B.
The extents of A, B and DW are shown in Figure 4. Two data updates DU1 and
DU2 happened on B and A respectively, namely DU1 adds < 3 > to B, while
DU2 deletes < 1 > from A. The middle layer received first DU1 and then DU2.
The effect of DU1, denoted by ∆DW1 defined by A × DU1, is shown in Figure
4. The effect of DU2, denoted by ∆DW2, is calculated after receiving DU2. It is
defined by DU2 × B′ as shown in Figure 4. After we apply the two ∆ DW-s in
the order of ∆DW1 and ∆DW2 as described in Correct Commit Order part of
Figure 5, we get the correct DW state.

If we reverse the commit order of the two ∆ DW-s ( and the original DW can
only count positive tuples as is the state-of-the-art for current DBMS systems),
we update the DW in the wrong commit order as shown at the bottom of Figure
5. First, we would subtract ∆DW2, which given that < 1, 3 > does not yet exist
in DW, would be equal to a no-op. Then after union ∆DW1 with the DW, we
get the wrong DW extent depicted in Figure 5, which has a faulty tuple < 1, 3 >
with counter 1. The correct answer instead should have been the DW extent
given in the Correct Commit Order part of Figure 5.
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Problem Definition. If we are doing parallel incremental view maintenance of
the DW, the order of committing the effects of the two data updates may result
in different extents of DW even though only one of them can be the correct one.
DW-Commit-Order is the order in which data update effects are committed
to the DW. The problem of inconsistency between the final state of DW and
the IS space caused by the variant DW-Commit-Order is called the Out-of-
Order-DW-Commit problem.
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Order DW Commit Order Problem

Theorem 1. The Out-of-Order-DW-Commit problem will only occur when
first an add-tuple and then a delete-tuple, which both modify the same tuples in
the DW, are received by the middle layer and both are handled in parallel by
PVM.

The proof can be found in our technical report [11]. Figure 6 illustrates
the Out-of-Order-DW-Commit problem with a time-line view. This problem
may happen when the later handled data update DU2 is handled much faster
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than the previously handled data update DU1. In this case the DU2 will complete
first and commit its effect to the DW prior to the effect of DU1 being committed
to the DW.

Negative-Counter Solution. We now propose a technique called the negative-
counter solution that guarantees that the extent of the DW after the parallel
incremental view maintenance of multiple DUs will be correct. The basic prin-
ciple underlying the solution is that we store the DW extent as unique tuples
with a counter that shows how many duplicates exist of each tuple. For exam-
ple, <1,3>[4] means four tuples with values <1,3> exist. The unique twist here
is that we permit the counter to be negative. Then, for adding (deleting) one
tuple, if the tuple already exists in the DW, we increase (decrease) the counter
by one, else we create a new tuple with counter ‘1’ (‘-1’). We remove a tuple
whenever its counter reaches ‘0’. When the user accesses the DW, any tuple with
a counter ≤0 will be not visible.

Figure 7 compares the extent of the DW from our previous example from
Section 3.4 with and without the negative counter. In the upper half of the
figure, DW keeps only tuples with positive counters at any time. After the effect
of DU2, ∆DW2, is committed, we removed < 1, 2 > but the delete-tuple update
< 1, 3 > is invalid since < 1, 3 > is not in the DW yet. Then, after we commit
the ∆DW1 later, we now have added the faulty tuple < 1, 3 > into the DW,
which should be deleted (however, the deletion was attempted too early).

In the lower half of Figure 7, the DW can keep tuples with a negative counter.
Then the addition of that faulty tuple in the future will remove the tuple with the
negative counter from the DW. So, the tuple with a negative counter effectively
remembers what tuple should be deleted but cannot be deleted at the current
time due to it not yet being in the DW. For example, in the lower part, we can see
that DW keeps the tuple < 1, 3 > with negative counter -1 and thus effectively
remembers that the < 1, 3 > should be deleted eventually. After committing the
∆DW1, the tuple < 1, 3 > [−1] is compensated with the tuple < 1, 3 > [1] in
∆DW1 that given < 1, 3 > [−1]+ < 1, 3 > [1] =< 1, 3 > [0], the tuple is finally
completely removed from DW. Hence the final state of DW is consistent with
the state of the ISs. The correctness proof is in [11].

3.5 Consistency Level

PVM in its purest form only ensures the Convergence level of consistency [12]
in order to allow for maximal parallelism of the maintenance process of each
individual update. However, if it became important to not only achieve Con-
vergence but also Complete Consistency, we can enforce that the effects of data
updates are committed in the order as they arrive at the DW by adding an
extra buffer in the Update View module of Figure 2. This buffer would keep the
ready-to-commit updates in the order that they were received, and the Update
View module will only update the view when the head of the buffer is filled.
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4 Related Work

View maintenance methods concentrate instead on ensuring consistency of the
DW when the materialized views are not self-maintainable. The ECA [12] family
of algorithms introduces the maintenance problem and solves it partially, i.e., for
one single IS. Strobe [13] and SWEEP [1] are two view maintenance algorithms
for multiple ISs both of which focus on the concurrency of data updates.

The Strobe [13] algorithm introduces the concept of queueing the view up-
dates at the DW and committing the updates to the DW only when the unan-
swered query set (UQS) is empty. The algorithm solves the consistency problem
but is subject to the potential threat of infinite waiting, i.e., the DW extent
may never get updated. Other mechanisms are based on requiring the ISs to
timestamp the view updates [2], i.e., some global timing synchronization of the
environment. So far, most consistency maintenance methods either have the in-
finite waiting deficiency or need a global timestamp service. Like SWEEP, PVM
doesn’t have any of the above limitations to handle multiple data updates.

The SWEEP [1] family of algorithms however succeeded in eliminating
the above mentioned limitations by applying local compensation techniques.
SWEEP uses special detection methods for concurrent data updates that don’t
need a global time stamp mechanism. It also requires no quiescent state before
being able to update the DW. Beyond this, PVM now addresses the bottleneck
of SWEEP’s sequential processing by exploiting the inherent parallelism of this
view maintenance process due to the distributed ISs each with their independent
servers.

Nested-SWEEP [1] is used to handle a set of DUs by reusing the query
results. Due to its recursive solution, it requires non-interference of the DUs,
otherwise, an infinite recursive call may result in a maintenance failure. PVM
doesn’t apply any recursive process optimization to share the query result as in
Nested-SWEEP, rather it instead parallelizes the SWEEP maintenance process.

5 Conclusions

In this paper, we have investigated the problem of parallel view maintenance.
First, we identified the bottleneck in terms of sequential handling of DUs by the
current state-of-the-art VM solution called SWEEP [1]. The SWEEP algorithm
has the least limitations compared to alternate contenders in the literature,
but it adopts sequential processing when handling a set of data updates. In this
work, we have identified several open issues to achieve parallel view maintenance,
notably, concurrent data update detection in a parallel execution mode, and
the out-of-order-DW-commit problem. We present an integrated solution PVM
for handling these problems. We have implemented both SWEEP and PVM in
our EVE data warehousing system [3]. The experimental results demonstrate
that PVM achieves a multi-fold performance improvement compared to SWEEP,
however, due to space limitations these results cannot be shown here, but in our
technical report [11].
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Abstract. The development of techniques for supporting incremental
maintenance of materialized views has been an active research area for
over twenty years. However, although there has been much research on
methods and algorithms, there are surprisingly few systematic studies on
the performance of different approaches. As a result, understanding of
the circumstances in which materialized views are beneficial (or not) can
be seen to lag behind research on incremental maintenance techniques.
This paper presents the results of an experimental performance analysis
carried out in a system that incrementally maintains OQL views in an
ODMG compliant object database. The results indicate how the effec-
tiveness of incremental maintenance is affected by issues such as database
size, and the complexity and selectivity of views.

1 Introduction

Incremental view maintenance is the propagation to a materialised view of up-
dates to base data that affect the value of the view. Proposals for solutions to
the incremental view maintenance (IVM) problem are numerous [7], and indi-
vidual solutions differ in the data model, view language, data to which access
is required, and timeliness of update propagation. The variety of different tech-
niques available and the intrinsic complexity of the trade-offs involved in deciding
when to materialize has promoted the selection of views for materialization to
a research topic in its own right [4,10]. However, although materialized view se-
lection is crucially dependent on an understanding of the cost issues associated
with incremental maintenance, there has been surprisingly little work seeking
systematically to evaluate the performance of proposals for IVM systems.

This paper presents the results of an experimental performance evaluation
of the MOVIE (Materialized Object-oriented VIEws) system [1], which provides
an algebraic solution to the incremental maintenance of OQL [3] views. The per-
formance evaluation has made use of the OO7 [2] schema and data generation
procedure. The paper is structured as follows. Section 2 provides an overview
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of the MOVIE system including some of the technical background that under-
pins it. Section 3 describes the schema, queries, views and updates used in the
experiments. Section 4 presents the experiments conducted in the performance
evaluation. Finally, Section 5 concludes and points to future work.

2 Incremental Maintenance of OQL Views

2.1 Technical Background

The ODMG standard for object databases includes an object model (OM), an
object definition language (ODL) and an object query language (OQL). Famil-
iarity with the ODMG model and OQL is assumed to the level that is required
to interpret schema diagrams and OQL queries.

The λ-DB system [6] implements a monoid algebra over the ODMG object
model (not including arrays and dictionaries). OQL queries in λ-DB are trans-
lated into algebraic expressions that are optimized before they are mapped to
physical execution plans. An execution plan is then translated into C++ and
compiled. The resulting executable, when run, evaluates the original OQL query.

2.2 An Overview of MOVIE

The MOVIE system is an implementation of our solution to the IVM problem
for OQL views, and is described more fully in [1]. The solution assumes the
availability of the update event, the changes made to the database (hereafter
referred to as the delta), the MV definition, and the current materialized state
of the view. In order to achieve incremental maintainability for all update op-
erations, we also assume the availability of references to the base objects that
contribute data to the MV, and of the base extents required for materializing
it. Our solution works for MVs that refer to any ODMG type (excluding array
and dictionary) and that are definable using the reduce, join, get, nest and unnest
bulk operators of the algebra proposed in [6] (excluding self joins). It is valid
for any update operation in the ODMG standard (e.g., new() and delete()
on objects, insert element() on collections, etc.). In terms of practicality, our
solution yields incremental maintenance plans (IMPs) at the algebraic level and,
to the best of our knowledge, for object databases, is the first one to do so.
This makes it easier to integrate our solution into the kind of query processing
frameworks that mainstream database management systems (DBMSs) rely on
(e.g. [5]).

When an MV is defined, its definition is traversed to identify the kinds of
update events that might require propagation of changes to the MV. For each
kind of event, an algebraic IMP is constructed that can compute the required
changes to the MV. The core of our solution is, therefore, the generation of an
IMP that is appropriate for each kind of update event. In our approach, two
kinds of IMP (described below) suffice to compute the changes required in the
MV as a result of any update operation in the ODMG standard. Immediately



242 M.A. Ali, N.W. Paton, and A.A.A. Fernandes

after an update event takes place which implies the need to update an MV, the
corresponding delta (comprising the old and the new state of affected objects)
is made available and the associated IMP (which uses the delta) is evaluated to
compute the changes needed.

The comprehensive nature of our solution with respect to update operations
requires that the OIDs of objects that contribute data to the MV are also ma-
terialized. This is achieved by generating from an MV definition v another view
definition, which we refer to as OIDs for v, which is itself compiled, evaluated
and materialized too. Thus, the OIDs of objects that contribute data for an
instance of v are associated with the OID of that instance in OIDs for v. This
space overhead (which naturally induces some time overhead) is present in our
solution for it to be exhaustive over the set of operations in the ODMG standard.

Different forms of IMPs are generated depending on the event type and the
category of the view1, as follows. We note that similar categories of plan are
present in other IVM systems, and thus that lessons learned from the experi-
ments described below are potentially relevant to other proposals.

1. Planting a delta – For some kinds of updates (e.g. onInsertTo), the con-
structed IMP computes the changes required to v by evaluating the view
over the delta to the affected base extent, rather than over the base extent
itself, while accessing all other base extents referenced in the MV. As well
as generating the additional data for the view, the incremental plan also
projects the OIDs of the objects represented in the view.

2. Joining a delta with materialized OIDs – For other kinds of updates
(e.g. onDeleteTo), the constructed IMP joins OIDs for v with the delta
in order to identify MV objects that are affected by the update. The idea
is to avoid access to base extents whenever possible. This only applies to
ReduceGetJoin views.

3 Experimental Views, Queries, and Updates

Databases: The databases used in our experiments are based on the OO7 Bench-
mark [2]. We did not use the three OO7 database size configurations, but rather
generated databases of different sizes by varying the number of modules (the top
level class in OO7). The actual parameters given to the OO7 data generation
program, plus some information on the resulting database, are given in Figure 1
(where the database sizes correspond to four, eight, twelve, sixteen and twenty
times the size of the small database in the OO7 benchmark).

Testbed: The experiments reported in this paper were carried out on a PC with
the following hardware and software: Intel Pentium Pro processor, 200 MHz,
256KB cache, 128MB RAM, 4GB SCSI Hard Disk (where the system software
and 128MB of swap space reside); RedHat Linux 6.0 Kernel 2.2.5-22, SHORE
1.1.1 and λ-DB 0.5.
1 A complete list of event types and view categories, the latter characterised by the

algebraic operators that are used to evaluate the view, is given in [1].
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Database Size
db1 db2 db3 db4 db5

fan-out 6 6 6 6 6
modules 4 8 12 16 20
objects 288,380 576,760 865,140 1,153,520 1,441,900

size (MB) 45 90 133 177 222

Fig. 1. Databases Used in the Evaluation

Views: The views we use are given in Figure 2. Note that for each MV v, we de-
note the corresponding non-materialized view by vV ir. For example, to the view
complexView1 (in Figure 2.b) there corresponds a view named complexView1Vir
that is otherwise identical to complexView1 but is not materialized. We have
defined the views in Figure 2 for the purpose of investigating the following hy-
potheses:

1. The selectivity of the view influences the performance of incremental view
materialization.

2. The structural complexity of the view influences the performance of incre-
mental view materialization.

3. The benefits of incremental view materialization increase with an increase
in database size.

Selectivity: Different view selectivities (defined as the ratio of the number
of objects selected by a query to the number of input objects) arise as a result
of a view containing predicates that filter (to different degrees) the input data.

In the experiments, a template view (shown in Figure 2.a) is defined that
retrieves the id and type of compositePart objects using different predicates
to filter the input. A set of five views with different selectivities is derived by
instantiating the template, as follows. Each view differs in the predicate φi in
the where clause. Each predicate is obtained by instantiating the template φi

with c.id <=ki where k1 = 1200 to k5 = 6000 in increments of 1200, thereby
yielding five different views with selectivities from 0.2 to 1.0 in increments of 0.2.
In experiments involving selectivity, the database for which the view is defined
is db3. In this database, there are 6000 compositePart objects. The id of these
objects is set sequentially from 1 to 6000, so it is possible to control the selectivity
of the view.

Complexity: With regard to the structural complexity of the view, we take
it to vary with the number and the kind of algebraic operators needed to evaluate
the query part of the view. Intuitively, a query that contains two joins is more
complex than a query that contains one join. Therefore, we define four views (in
Figures 2.b to 2.e) with increasing complexity in order to perform experiments
over the materialized and virtual versions of the views.

Database Size: With regard to database size, the number of modules varies
uniformly across the five databases. We are interested in finding the impact of
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define viewSel i() as
select struct(

ComPartId:c.id,
CType:c.type)

from c in CompositeParts
where φi

define complexView1() as
select struct(

ComPartId:c.id,
CType:c.type)

from c in CompositeParts
where c.id <= 200

(a) Selectivity Dependent (on φi) Views (b) complexView1: A Reduce-Get View

define complexView2() as
select struct(

ComPartId:c.id,
CType:c.type,
AtomPartId:a.id)

from c in CompositeParts,
a in c.parts

where c.id <= 200 and
c.buildDate > a.buildDate

define complexView3() as
select struct(

ComPartId:c.id,
CType:c.type,
AtomPartId:a.id,
BaseAssmId:b.id)

from c in CompositeParts,
a in c.parts,
b in c.usedInPriv

where c.id<=200 and
c.buildDate>a.buildDate and
c.buildDate>b.buildDate

(c) complexView2 = complexView1 plus
Unnest

(d) complexView3 = complexView2
plus Unnest

define complexView4() as
select struct(

ComPartId:c.id,
CType:c.type,
AtomPartId:a.id,
BaseAssmId:b.id,
DocId:d.id)

from c in CompositeParts,
a in c.parts,
b in c.usedInPriv,
d in Documents

where c.id<=200 and
c.buildDate>a.buildDate and
c.buildDate>b.buildDate and
c.documentation=d

define dbSizeView() as
select struct(

ComPartId:c.id,
CType:c.type,
DocId:d.id)

from c in CompositeParts,
d in Documents

where c.documentation = d

(e) complexView4 = complexView3 plus
Join

(f) dbSizeView: A Size-Sensitive View

Fig. 2. View Templates and Views Used in the Evaluation
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Update:delete a compositePart object
Event: onDeleteTo CompositeParts

(a) U1: A Deletion Update Event

Update:assign "type111" to the type
attribute of the compositePart
object with id = 500

Event: onModifyAttr compositePart.type

Update:insert a new object into
the Documents extent

Event: onInsertTo Documents

(b) U2: An Attribute Modification Event (c) U3: An Insertion Update Event

Fig. 3. Update Events Used in the Evaluation

database size on the performance of incremental view materialization. A size-
sensitive view, dbSizeView (in Figure 2.e), provides a means of showing the
impact of database size on the performance of materialized views. The number
of compositePart objects per module is 500 and the number of document objects
is the same. In db1, there are 2000 compositePart and document objects. In
contrast, in db5, there are 10000 compositePart and document objects. The
cardinality of the result of dbSizeView increases from 2000 in the case of db1
to 10000 in the case of db5.

Queries: The queries used in experiments for contrasting the time efficiency
of answering queries against materialized and against virtual views are simple
select statements over the derived or materialized views. In Section 4, these are
referred to as MQi and V Qi, 1 ≤ i ≤ 6, when they are evaluated over the
materialized and the virtual views, respectively.

Updates: The updates that are used in experiments involving propagation are
given in Figure 3.

To exemplify the two kinds of IMP that are generated by MOVIE, consider
the dbSizeView in Figure 2.f. For the update event U2 in Figure 3.b to be incre-
mentally propagated, changes are computed by joining a delta with materialized
OIDs. This results in the algebraic query plan shown in Figure 4.a. In contrast,
for the update event U3 in Figure 3.c to be incrementally propagated, changes
are computed by planting a delta. This results in the algebraic query plan shown
in Figure 4.b. The nature of these plans is discussed in more detail in [1], and
the mapping from OQL to the object algebra is described in [6].
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reduce(set,
join(set,

get(set, ∆onModifyAttr compositePart.type,δ,and()),
get(set,OIDs for dbSizeView,mat oids,and()),
and(eq(mat oids.DO, δ)),
none),

X1,
struct(mat obj=mat oids.VO, CType=δ.type),
and())

(a)
reduce(set,

join(set,
get(set, ∆onInsertTo Documents,d,and()),
get(set,CompositeParts,c,and()),
and(eq(c.documentation, d)),
none),

X1,
struct(ComPartId=c.id), CType=c.type, DocId=d.id),
and())

(b)

Fig. 4. Computing Changes to dbSizeView Following (a) U2 and (b) U3

4 Experiments and Discussion

The performance of incremental view materialization can be evaluated by con-
sidering:

1. The cost of query answering over the MV and over its virtual equivalent.
2. The cost of incrementally maintaining the MV by update propagation.
3. The cost of incrementally maintaining the MV in comparison with the cost

of answering a query over its virtual equivalent.

Three experiments are designed to test each of the hypotheses in Section 3
exploring the above three kinds of cost. The experiments reported were run in
cold states so that one experiment is not favoured against another due to object
caching. After each individual experiment, the database server was shut down
and restarted for the next experiment, and the linux cache was flushed. Each
individual experiment was run three times and the average taken. The values
reported for relative cost are rounded to the nearest integer value.

4.1 Experiment 1: Varying Selectivity

This experiment explores the impact of view predicate selectivity on the perfor-
mance of IVM. We break the experiment into parts, each corresponding to one
of the hypotheses under scrutiny.
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Query Answering: MQ1i and VQ1i. The elapsed times taken to answer MQ1i
and VQ1i, 1 ≤ i ≤ 5, using the predicates defined with viewSel i are measured
and compared. The results are plotted in Figure 5.a.

They reveal that the cost of answering both MQ1i and VQ1i increases with
an increase in selectivity. However, the relative cost of evaluating VQ1i com-
pared with MQ1i reduces with increases in selectivity. This is consistent with
expectations, because evaluating VQ1i always requires scanning of the complete
extent of CompositeParts, whereas the number of objects scanned by MQ1i in-
creases with selectivity. With selectivity 1.0, answering the query over the MQ1i
is less costly than over the VQ1i because, although the queries retrieve the same
number of objects, the view objects are smaller than compositePart objects. 
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Fig. 5. Results of Experiment 1: Varying Selectivity

View Maintenance: Propagating U1 to viewSel i. We measure the elapsed time
taken to propagate update U1 (in Figure 3.a) – which requires maintenance of
viewSel i – using MOVIE and using rematerialization. The results are plotted
in Figure 5.b.

They reveal that the cost of view maintenance increases with an increase
in selectivity in both cases but that MOVIE outperforms rematerizalization by
around ten times in general. This suggests that, although the maintenance costs
increase with an increase in selectivity, IVM can be advantageous independently
of view selectivity.

Relative Cost (Query/Update): Answering VQ1i v. Propagating U1. This part
of the experiment tries to identify the conditions under which incrementally
maintaining MVs is beneficial. We do so by investigating how many updates
can be propagated incrementally to an MV in the time taken to answer the
corresponding virtual query. We calculate the ratio of the elapsed time taken to
answer VQ1i to that taken to propagate update U1 (in Figure 3.a) to viewSel i.
The results are plotted in Figure 6.a.



248 M.A. Ali, N.W. Paton, and A.A.A. Fernandes

They reveal that, for the view with selectivity of 0.2, two updates can be
propagated incrementally for the cost of evaluating a query against the corre-
sponding virtual view. With an increase in the selectivity that ratio reduces to
one, suggesting that, for views with high selectivity, if updates are at all frequent,
incremental maintenance may not be beneficial.

In summary, the benefits of IVM seem to be greater when views have lower
selectivities. This result conforms with general expectations, in that the materi-
alized views with low selectivities involve smaller data sets than those associated
with the corresponding virtual views. Space has prevented the inclusion of se-
lectivity experiments on more complex views.
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Fig. 6. Relative Query and Update Costs in Experiments 1 and 2

4.2 Experiment 2: Varying Structural Complexity

This experiment seeks to show how the complexity of the views may affect the
performance of IVM. Again, we break the experiment into parts, each one cor-
responding to one of the hypotheses under scrutiny. In experiments involving
complexity, the database used is db3.

Query Answering MQn and VQn. The elapsed times taken to answer MQn
and VQn, 2 ≤ n ≤ 5 are measured and compared. The results are plotted in
Figure 7.a.

They reveal that, in the case of MVs, because the cardinalities increase from
complexView1 to complexView3, the cost of answering queries over the MV in-
creases significantly. However, since the cardinality of complexView3 is the same
as that of complexView4 that cost increases by very little. This indicates that for
access to MVs the dominant factor is cardinality. In the case of the virtual views,
from complexView1 to complexView3 the cost increases but not very much as
a consequence of the relatively low cost of unnesting. From complexView3 to
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Fig. 7. Results of Experiment 2: Varying Structural Complexity

complexView4 there is a jump in the cost because complexView4 requires a
join. This jump may be partly the result of the expensive algorithm (viz., Block
Nested Loop) that λ-DB selects to join CompositeParts and Documents. If a
more efficient algorithm were used, the jump would likely be less pronounced.

In any case, the cost of answering queries over MVs increases with an increase
in cardinality (rather than complexity), and thus the relative performance of
MVs compared with their virtual counterparts depends very much on the selec-
tivity of the view. Views with low selectivity are likely to be promising candidates
for materialisation.

View Maintenance: Propagating U1 to complexViewi. We measure the elapsed
time taken to propagate update U1 (in Figure 3.a) using MOVIE and using
rematerialization. The results are plotted in Figure 7.b.

Update U1 (i.e., deletion of an instance of compositeParts) was chosen
because it affects all of complexView1 to complexView4. The results reveal
that, for complexView1 and complexView2, incremental maintenance is 9 and
7 times faster than rematerialization. However, for complexView3, MOVIE is
only 3 times faster. The decrease is due to the fact that U1 requires the deletion
of 100 objects from complexView3 (as against 20 for complexView2 and 1 for
complexView1).

The elapsed time of rematerializing complexView4 is 4 times more than that
for complexView3. Similarly, MOVIE takes almost three times as long to prop-
agate changes to complexView4 as it takes in the case of complexView3. The
bottom line is that the more complex the view the more expensive it is to main-
tain, no matter how it is being maintained.

Relative Cost (Query/Update): Answering VQn, 2 ≤ n ≤ 5, v. Propagating U1.
This part of the experiment tries to identify the conditions under which incre-
mentally maintaining MVs is beneficial by investigating how many updates can
be propagated incrementally to an MV in the time it takes to answer the cor-
responding virtual query. In this experiment, we take the ratio of the elapsed
time taken to answer complexViewVir1 to complexViewVir4 to that taken to
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propagate update U1 (in Figure 3.a) to all of complexView1 to complexView4.
The results are plotted in Figure 6.b. The results show that only quite a small
number of updates (1 to 4) can be propagated in the time taken to evaluate the
virtual view in this experiment. This can be seen as quite a disappointing result
for incremental maintenance. The shape of the graph in Figure 6.b should not
be considered to be of general significance. The “outlier” appears to be the prop-
agation of U1 to complexView3. U1 can only be propagated to complexView3
once in the time it takes to evaluate the virtual view. This is principally because
of the high cost of incrementally propagating U1 to complexView3, which in
turn is because a single occurrence of U1 causes 100 objects to be deleted from
the view.

In summary, the experiment has not demonstrated any conclusive pattern
relating to increased view complexity. The most striking result, from Figure 7.a,
is the importance of the cardinality of the result to the incremental maintenance
process.
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4.3 Experiment 3: Varying Database Size

This experiment explores the impact of database size on the performance of
IVM. Once again, we break the experiment into parts that correspond to the
hypotheses we are testing.

Query Answering: MQ6 and VQ6. Here the elapsed times taken to answer MQ6
and VQ6 are measured and compared. The results are plotted in Figure 8.a.



An Experimental Performance Evaluation 251

In the case of MQ6, the elapsed time taken to answer dbSizeView increases
only slightly with an increase in the database size, reflecting the increase in
the size of the materialized view. The benefit of answering queries over the MV
rather than over the virtual counterpart increases as the database increases in
size. For example, for the smallest database, it is 43 times faster to use the MV,
whereas for the largest database, it is 143 times faster, because the join cost
grows non-linearly.

View Maintenance: Propagating U2 and U3 to dbSizeView. We measure the
elapsed times taken to propagate two different updates: U2 (in Figure 3.b) and
U3 (in Figure 3.c), which require maintenance of dbSizeView, using MOVIE
and using rematerialization. The results are plotted in Figures 8.b and 8.c.

Figure 8.b shows MOVIE outperforming rematerialization for an update
event that modifies an attribute. For update U2, the IMP is generated by joining
the delta with the materialized OIDs, i.e., no base data is accessed. The relative
performance of MOVIE increases with an increase in the database size because
costly joins with base data are avoided altogether.

Figure 8.c does a similar comparison for an update (viz., U3, which is an in-
sert into a class extent) for which the IMP is generated by planting a delta, i.e.,
accessing base data. Although planting a delta is generally felt to be more expen-
sive than joining with the materialized OIDs, MOVIE still performs better than
rematerizalization. In fact, comparing the times in Figure 8.b and Figure 8.c,
planting the delta works out faster than joining with the materialized OIDs in
this case. Once again, the benefits of MOVIE increase with an increase in the
database size. For example, in the smallest database, it performs 43 times better,
whereas in the largest, it is 120 times faster than rematerizalization.

Relative Cost (Query/Update): Answering VQ6 v. Propagating U2 and U3. This
part of the experiment tries to identify the conditions under which incrementally
maintaining MVs is beneficial. We do so by investigating how many updates
can be propagated incrementally to an MV in the time taken to answer the
corresponding virtual query. We calculate the ratio of the elapsed time taken
to answer VQ6 to that taken to propagate updates U2 and U3 (in Figure 3.b
and 3.c, respectively) to dbSizeView. The results are plotted in Figure 8.d.

They reveal that, for the smallest database, 22 attribute modifications and
30 insertions can be propagated incrementally for the cost of evaluating a query
against the corresponding virtual view. With an increase in database size the
ratios continue to grow.

In summary, IVM seems to be more beneficial with larger databases. For the
examples, query answering over MVs is always better than over virtual views,
no matter the database size, and the difference increases as size increases. The
same behaviour is observed if one pitches incremental maintenance against re-
materizalization. The benefits for both our small and large databases indicate
that a significant number of update events can be carried out for the cost of
answering the query over a non-materialized view.
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5 Conclusions

The recent increase in research on identifying which views should be materi-
alized indicates the importance of studies into the performance of incremental
maintenance techniques. The most comprehensive study we can find of the per-
formance of IVM is that of Hanson [8], which is an analytical model of immediate
and deferred update propagation in relational databases. We are not aware of any
research that has sought to validate the models presented by Hanson experimen-
tally, or that has systematically assessed the performance of view maintenance
techniques in relational (or object-oriented) systems. Although analytical models
have been proposed in an object-oriented setting (e.g., [9]), we are aware neither
of any thorough performance studies based on such models nor of comprehensive
empirical studies of views in object databases. Again as an example, [9] provides
a few illustrative examples of the performance of MultiView, but could not be
said to have carried out a systematic study.

We believe, therefore, that this paper presents the most thorough experimen-
tal performance evaluation of materialized views to date. Experiments have been
conducted that assess the performance of query answering and update propaga-
tion for different selectivities, query complexities and database sizes. It is clear
from the experiments, as would be expected, that queries over materialized views
generally run very much faster than those over virtual views. This observation,
however, is not what has driven research in IVM. Research in IVM is predicated
on two hypothesis:

1. That incremental propagation of updates can be expected to perform signif-
icantly better than rematerialization.

2. That incremental propagation of updates can provide improved performance
overall for transactions that mix queries and updates, as long as updates are
not dominant.

The experiments reported in this paper broadly support (1), with incremental
update propagation generally being significantly faster than rematerialization.
However, in terms of (2), although some results reported in the paper indicate
that many incremental updates can be propagated in the time it takes to eval-
uate the corresponding virtual view, there are other cases in which the cost of
propagating a single update is almost as great as the cost of evaluating the
view. Thus this paper can be seen as enforcing the need for judicious selection
of views for materialization, with many different issues impacting the decision
making process.
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Abstract. Real-world changes are generally discovered delayed by computer
systems. The typical update patterns for traditional data warehouses on an
overnight or even weekly basis enlarge this propagation delay until the
information is available to knowledge workers. Typically, traditional data
warehouses focus on summarized data (at some level) rather than detail data.
For active data warehouse environments, also detailed data about individual
entities are required for checking the data conditions and triggering actions.
Hence, keeping data current and consistent in that context is not an easy task.
In this paper we present an approach for modeling conceptual time consistency
problems and introduce a data model that deals with timely delays. It supports
knowledge workers, to find out, why (or why not) an active system responded
to a certain state of the data. Therefore the model enables analytical processing
of detail data (enhanced by valid time) based on a knowledge state at a
specified instant of time. All states that were not yet knowable to the system at
that point in time are consistently ignored.

1. Introduction

The observation of real-world events by computer systems is characterized by a delay.
This so-called propagation delay is the time interval it takes for a monitoring system
to realize an occurred state change. While operational systems are among other things
designed to meet well-specified response time requirements, the focus of data
warehouses (DWHs) [8] is generally the strategic analysis of data integrated from
heterogeneous systems. The data integration process is very complex and covers the
acquisition, extraction, transformation (staging area), and loading of the data into the
DWH. Traditionally there is no real-time connection between a DWH and its data
sources, because the write-once read-many decision support characteristics would
conflict with the continuous update workload of operational systems and cause poor
analysis concurrency. Data loading is done during frequent update windows (e.g. once
a week, every night), when the analysis capabilities of DWHs are not affected.

Consequently, up till recently, timeliness requirements [7] (the relative availability
of data to support a given process within the timetable required to perform the
process) were restricted to mid-term or long-term. W. H. Inmon, known as the
founder of data warehousing, cites time variance [8] as one of four silent
characteristics of a DWH. Timeliness can be viewed as an aspect of data quality,
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which has a strong influence on the delay until a system realizes a certain state of the
data. While a complete, real-time enterprise DWH might still be the panacea, there
are some approaches to enable DWHs to react “just-in-time” [17] to changing
customer needs, supply chain demands, and financial concerns.

New concepts, like active data warehousing [14], try to combine active
(information) mechanisms based on ECA (event-condition-action) rules [1] with the
integrated analysis power of DWH environments to extend (passive) systems with
reactive capabilities: An active data warehouse (ADWH) is event driven, reacts in a
timeframe appropriate to the business needs, and makes tactical decisions or causes
operational actions rather than waiting for periodic reports. Therefore the design of an
ADWH has to consider technical aspects (scalability, high availability, “just-in-time”
data loading, mixed workload, etc.) as well as the integration of active mechanisms,
which have to deal with three kinds of propagation delays in DWH environments:
1) Real-world changes are usually discovered and captured delayed by computer
systems. 2) The typical update patterns for traditional DWHs on a weekly or even
monthly basis enlarge these propagation delays. 3) Knowledge workers require
consolidated and aggregated information for analysis purposes. However, in the case
of traditional DWHs any significant delay in the recognition of real-world events may
result in a number of additional considerations needing to be taken into account:
• data integration. “Old” aggregates have to be updated.
• analytical processing. Historical analysis results are not repeatable any longer, if

additional information regarding that time period is integrated delayed (measures
and summaries will change unexpectedly from the user’s perspective).

The complexity of analysis and data access required places the typical ADWH query
outside the scope of most transaction-processing systems and addresses a type of
automated decision-making that has rarely been accomplished by passive DWHs [14].

Consequently, keeping data current and consistent in that context is not easy.
Although higher refresh frequencies shrink the propagation delays, time consistency
becomes even more important, because business rules can be formulated according to
the ECA structure of triggers in ADWHs. Delays in the execution of such rules can
cause unexpected and undesired side-effects [11].

We will concentrate on the development and examination of a schema model that
copes with delays and allows a timely consistent representation of information. This
distinction has a particular interest in DWHs, where it can be useful to consider
information validity of detail data (or even aggregates), that is typically restricted to
time periods, because of frequent updates. It is important to note that the aim of our
approach is not necessarily to shrink delays. Rather, it is a pragmatic one to ensure
that the side-effects of propagation delays are reduced in ADWHs. The main
contribution of this paper is the introduction of overlapping valid time intervals.

The remainder of this paper is organized as follows. Section 2 considers research
issues and related work. Time consistency is introduced in Section 3 and described
from different viewpoints (conceptual, logical, and physical). Section 4 describes a
case study followed by an assessment. Finally, we give a conclusion in Section 5.
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2. Research Issue and Related Work

The importance of data quality for organizational success has been underestimated for
a long time. Quality management in information processing is not nearly as
established as it is in manufacturing [2]. Since DWHs store gigabytes up to terabytes
of data, a manual quality control is not feasible at all. In data quality research, MIT’s
Total Data Quality Management (TDQM) [16] project considers timeliness as a so-
called quality dimension of the contextual data quality.

An interesting practice approach is described in [7], where timeliness is viewed as
the time from when a fact is first captured in an electronic format and when it is
actually knowable by a knowledge worker who needs it. For data captured in a source
database, uploaded to a central DWH over the weekend, the propagation delay can be
several days. This is definitely unacceptable for implementations tightly integrated
into business processes (like ADWHs), which are networked with other organizations.

Temporal databases provide support for past, current, or even future data and
allow sophisticated queries over time to be stated [6, 19]. Research in temporal
databases has grown immensely in recent years. In particular, transaction time and
valid time have been proposed [9] and investigated [10, 15].

In the field of data warehousing [3] concentrated on the shortcomings of star
schemas in the context of slowly changing dimensions. The conclusion is that state-
oriented warehouses allow easier analytical processing and even better query
performance than observed in regular events warehouses. Our formal approach to
managing time consistency (described below) is state-oriented, too. Temporal data
warehouses (in particular temporal view self-maintenance) are addressed by [18].

Recent research in active databases [5] aims at extending the power of active rules
(for responding to changes to the database and to external events) to trigger on
complex patterns of temporal events. An important issue is the accommodation of
delays, which is investigated for temporal active databases in [11]. This paper
concentrates on delays in the quite young discipline of active data warehouses [14].

3. Time Consistency

The notion of time is fundamental to our existence and an important aspect of real-
world phenomena. We can reflect on past events and on possible future events, and
thus reason about events in the domain of time. In many models, time is an
independent variable that determines the sequence of states of a system. The
continuum of real time can be modeled by a directed timeline consisting of an infinite
set {T} of instants (time points on an underlying time axis [9]). A section of the
timeline is called a duration or time period. An event takes place at an instant of time,
and therefore does not have duration. If two events occur at an identical instant, then
the two events are said to occur simultaneously. A time interval is determined by the
duration between two corresponding (start - end) instants.

Figure 1 below describes a situation, where a computer system observes the state
S1 at T1 that a specified person (Mr. Smith) lives in Boston. It knows (or assumes –
that does not matter for the model) that Mr. Smith stays there from T1S to T1E. The next
state (S2) observed by the computer system regarding Mr. Smith is the new address in
New York at T2. Furthermore, additionally captured information reveals that Mr.
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Smith already lived in New York since T2S. By modeling this situation timely
consistent, it will always be possible to find out, that the system did not know where
Mr. Smith lived after T1E until the instant T2, when the new piece of information (state
S2) was integrated. Based on this knowledge an ADWH can determine the “right”
strategy e.g. for customer relationship management (CRM): An “information package
for new citizens of NY” is appropriate at T2S, but may be unsuitable at the instant T2,
when the real-world event was actually knowable to the ADWH.

past

future

T1S

T1E

T2S

T2E

state S1

state S2

event e2

Boston

NY

valid time
of state S1

valid time
of state S2

revelation
time T2

event e1

revelation
time T1

Fig. 1. Sequencing the changes to capture the history regarding an entity of interest.

3.1. A Conceptual Model for Time Consistency

A timely consistent representation of information requires a reliable view on historical
data at any point in time independent from propagation delays.

A knowledge state (KS) is determined by a specified instant T. It considers all
information (knowledge) that was observed, captured, and integrated until T. An
ordered relation of two instants T1 < T2 implies that KS(T1) £  KS(T2). In other words,
moving forward in time causes the knowledge state to grow. In general an analysis
focuses on a time interval containing at least one instant of interest (II): IIinterest = [IIstart,
IIend] (e.g. May 1st, 2001). The KS and II are two orthogonal time dimensions and
therefore independent from each other regarding analysis capabilities.

A data model enables time consistency if a set of nine conditions listed in Table 1
is satisfied for any combination of two stored datasets (S1, S2) regarding the same
subject. In general a stored state SX is determined by an instant TX (revelation time)
and a corresponding valid time indicated by a time interval [TXS, TXE].

Any combination of II with KS during analytical processing has to retrieve a
correct state, which is actually knowable to the system at the specified KS. The
retrieved state regarding an entity of interest will be S1, or S2, or “not defined” (if it is
neither S1 nor S2). Table 1 (which is related to Figure 1) describes the timely correct
state that should be retrieved during analytical processing. The retrieved state can be
viewed as the output of a function considering the applied KS and the specified II.
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The conceptual model is able to handle past and future validity periods (e.g.
instant(T1) > instant(T1E), instant(T1) < instant(T1S) ), which is important 1) to deal
with propagation delays regarding timeliness, and 2) to support planning. The reading
examples below Table 1 exactly describe the major contributions of this conceptual
model to conventional temporal models restricted to non-overlapping valid times.

Table 1. Conceptual model for time consistency.

Knowledge State (KS) Instant(s) of interest (II) Retrieved state1

KS < T1 Any II (not defined)2

II < T1S (not defined)

T1S £  II £  T1E
S1T1 £  KS < T2

II > T1E (not defined)

II < T1S (not defined)

T1S £  II < min(T1E , T2S) S1

T1E < II < T2S 
3 (not defined)

min(T1E , T2S) £  II £  T2E
S2

KS ‡  T2

II > T2E (not defined)

Reading examples. At any point in time an analysis based on a KS between T1 and
T2 (T1 £  KS < T2) is able to figure out 1) the state S1 was valid till T1E (third entry in
Table 1 above), and 2) S2 was not yet knowable to the system (fourth entry).

Moving forward in time (by applying a knowledge state of KS ‡  T2) will reveal
that e.g. the state S1 was only valid till T2S (sixth entry in Table 1), under the
assumption of overlapping valid times for S1 and S2.

3.2. Modeling Temporal Consistency for Data Warehouses

The issue of modeling time consistency for centralized DWH environments is
challenging due to the following reasons:
1. DWHs have to deal with an additional propagation delay regarding electronically

captured data by their source systems (described in Section 1).
2. The integration of distributed source systems (e.g. different time zones, delays in

data processing) is necessary during data staging.

In our opinion, the most efficient approach is to separate these two issues as described
above by extending the logical and physical data model to handle the former one. The
latter step, which is complicated due to temporal order issues (see Section 3.3), is
done during data staging and therefore does not affect analytical processing.

We propose an enhanced time dimension model for DWHs to accomplish time
consistency, because simply adding timestamps during data loading on an overnight
or even weekly basis is not precise enough to model the instant, when a new fact was
first captured electronically and therefore knowable to an organization. The identified
propagation delays in a ADWH implementation are represented as follows:
                                                          
1 The retrieved state is timely correct regarding the electronically captured input data.
2 “not defined” means neither S1 nor S2.
3 This case is obsolete, if the corresponding valid times [T1S, T1E] and [T2S, T2E] do not overlap.
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• valid time (validity of knowledge). This property is always related to a base event
at an instant T (stored as dataset), and describes the time interval of validity
(knowable at instant T) of that piece of information.

• revelation time (transaction time). The revelation time describes the point in time,
when a piece of information was realized by at least one source system. This
concept is tightly related to the notion of transaction time [9, 15] in temporal
databases. However, in the context of ADWHs we call this property “revelation
time” to clarify that 1) transaction results were already recorded in the sources and
2) analytical processing is proposed to reveal interesting relations among facts.

• load timestamp. The load timestamp is a time value associated with some
integrated dataset in a DWH environment and determines the instant, when a fact is
actually knowable to active mechanisms. Thus, in the presence of delays, it is the
load timestamp that represents the point in time to which automatic decision
making or compensating actions should refer in ADWH environments.

The conceptual model is associated with the mentioned (orthogonal) types of time
information as follows: The valid time is related to the instants of interest (II) during
analytical processing. Typically the knowledge state (KS) relates to the revelation
time, to get a timely accurate picture of the entity of interest. However, it is possible
to relate to the load timestamp, to enable knowledge workers to observe and control
active mechanisms in an ADWH.

Logical model:
When designing a temporal data model, an important and central aspect is the choice
of appropriate timestamps of the database facts. Time intervals [4] are used as an
abbreviation for sets of points for practical reasons. A single timestamp approach
storing only a start time when a record became valid is well applicable to event data,
but faces serious deficiencies in the context of DWHs, where in general state
information is stored. Simply returning such temporary values to users during
analytical processing without integration into the data model may lead to confusion.

product dim.

past

future

T1

T1S

T1E

S1

Boston

time dim.

2001-02-01

2001-04-01

2001-02-05
2001-02-06

fact table

RTS RTE VTEVTSLT

location dim.

Boston

until changed

description:
LT ... load timestamp
RTS ... revelation time (start)
RTE ... revelation time (end)
VTS ... valid time (start)
VTE ... valid time (end)

Fig. 2. Representation of state S1. This piece of information was revealed on February 5th with a
valid time from February 1st to April 1st and loaded into the ADWH on February 6th.
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In order to model past and future instants two symbolic instants are introduced: –¥
(“since ever”) and +¥  (“until changed”). We will reuse the time dimension commonly
available in all warehouse models to integrate the load timestamps of facts (as
described above). Thus analytical processing known from traditional DWHs is
effectively supported. Both, the revelation and valid time of facts will be integrated as
separated logical time dimensions modeled by time intervals. The physical
implementation is done by a bitemporal model (exemplified in Figure 2) combining
the features of a transaction-time and a valid-time database. Therefore it represents
reality more accurately and allows for retroactive as well as postactive changes.

The proposed approach is suitable to on-line analytical processing (OLAP),
supporting the creation of cubes well: e.g. analyzing the average propagation delays
(differences between valid and revelation times) by drilling down to the distributed
operational systems located in different geographical regions.

Time consistency for aggregates is handled the same way as for facts. The
integration of new facts concerning information about previous data loads, causes the
re-computation of the affected aggregates. The “old” aggregates can either be deleted
or stored time consistently by adjusting the valid time from “until changed” to the re-
computation timestamp.

Physical model:
The temporal logical model presented above permits the designer to mix temporal and
nontemporal aspects. In particular it is possible to apply different strategies to every
fact star in a DWH. Actually implementing a logical data model supporting time
consistency is influenced by following issues:
• It is necessary to provide a physical representation for symbolic instants (+¥ , –¥ ),

e.g. by pre-defined date constants.
• Indexes are even more important in temporal relations due to their size.

Furthermore, the focus of temporal analytical processing on coalescing (merging
value-equivalent tuples with intervals that overlap or meet) and temporal joins [10]
requires appropriate indexes [13].

• In temporal queries, conjunctions of inequality predicates (which are harder to
optimize) appear more frequently. Consequently, improved cost models for the
optimization of temporal operators have to be applied.

3.3. Data Staging

While some source systems may store partial history, many nontemporal sources store
only the current state of their data. Even if DWH storage is not a concern, it is helpful
to identify those sources/data where delays possibly occur that have side-effects on
automatic decision making in ADWHs and thus should be modeled in a time
consistent manner. Whereas data staging in traditional DWHs establishes a delivery
order for new information, managing time consistency requires the (stronger)
temporal order, which takes into account already stored facts and aggregates.

During data staging we have to consider three issues in order to get a single version
of truth regarding time during data staging: 1) different time zones of distributed
sources, 2) differences in observing the same event by different operational systems;
e.g. a CRM system records an order cancellation on May 2nd, whereas the billing
system observes it on May 3rd, and 3) propagation delays, as described in Section 1.
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The former two issues are addressed by establishing a global time base known
from the field of distributed or real-time systems. The latter one is managed by the
proposed approach to time consistency modeling: The integration of new data
enhancing the knowledge state regarding a particular subject is done by retroactive
updates. Existing data structures (in particular the end date for revelation time) of the
ADWH only have to be modified if valid times overlap. It is important to note that
both the valid times of the old state provided by ADWH and the new one from data
staging (provided by temporal source systems) are not changed.

Table 2 shows the physical datasets according to the situation exemplified in
Figure 1 and Figure 2. This kind of temporal integration method slows down data
staging in the case of overlapping valid times, but simplifies analytical processing
dramatically. As mentioned earlier this method is applicable to aggregates, too.

Table 2. Temporal order for overlapping valid times.

location valid time revelation time load timestamp
Boston 2001-02-01 – 2001-04-01 2001-02-05 – until changed 2001-02-06

location valid time revelation time load timestamp
Boston 2001-02-01 – 2001-04-01 2001-02-05 – 2001-04-14 2001-02-06

NY 2001-03-15 – 2001-06-01 2001-04-15 – until changed 2001-04-16

4. Experimental Results

The usability of the proposed approach was evaluated by the application to an
industry project. We found out that the introduction of the knowledge state viewpoint
is actually an enhancement to analytical processing. Furthermore, planning and
monitoring including what-if scenarios (i.e. different versions of plans) are supported
at various aggregation levels, because valid times are suitable to past, present and
future states. The focus of our approach to managing time consistency enables
knowledge workers to establish and control active behavior for ADWH environments.

Case study: PLUS project
The PLUS project was an industry project in the domain of accident insurance
implemented at a big Austrian insurance authority starting in 1998 and continued till
2000. One focus of the project was the management of time consistency and the
introduction of active behavior to automate routine decision tasks. For example,
initiate and control the stopping of accident pension payments due to pre-specified
reasons (successful rehabilitation, death, etc.). From a technical viewpoint, the project
implemented a data mart (~ 5 GB) on an Oracle database tightly integrated with a
workflow management system and the organization’s billing system. The data model
contained fact stars using the proposed temporal model, as well as non-temporal fact
stars. The source systems were partly enhanced to provide additional temporal
information to better deal with delays. Legacy data was integrated using valid times
reconstructed from the sequence of states available regarding the same subject.

A very important analytical application for public insurance authorities is the
periodic generation of many timely consistent statistical reports classifying and
investigating changes of accident pensions from various viewpoints (due to official
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statistics for the European Statistical System). The approach to manage time
consistency reduced the necessary effort to generate and maintain statistics
dramatically. Generating such statistics without temporal support is difficult, because
every report has to consistently contain aggregated figures concerning previous
months or years.

Another driving force to establish this kind of temporal data marts is the limitation
of traditional DWHs regarding e.g. cash flows, which differ from reality, if significant
changes are captured delayed. For example, a person has an accident on June 29th and
thus will receive a pension. Due to typical delays (pension request, data processing,
weekends, etc.) the decision is made on July 5th, when both the billing and statistics
for June is already completed. Traditional DWHs ignoring the revelation time and
thus storing June 29th, will invalidate cash flows and statistics (as already mentioned).

Assessment
Managing time consistency according to the presented state-oriented approach allows
us to achieve consistent analysis results at any point in time for a specified knowledge
state. In particular, the approach
+ is based on a formal model with strong (but simple) guidelines. The

implementation uses well-understood concepts, e.g. bitemporal tables [3, 15].
+ enhances the time dimension and thus is suitable to various application domains.
+ improves data quality during data staging by considering stored data structures.
+ can be introduced at any point in time. If temporal information is not available for

legacy data, regular valid and revelation time intervals (“until changed”) will be
used to “upgrade” the old data structures.

+ enhances analytical capabilities of DWHs (knowledge state, instants of interest).
+ does not restrict the entire data warehouse to be temporal, but rather permits the

designer to mix temporal and nontemporal aspects.
-  covers only time relevant aspects of data quality management in DWHs.
-  needs to consider performance issues: Updates to time attributes of existing fact-

table rows are necessary when bulk loading the ADWH.

In contrast, an event-oriented DWH (each row in the fact table represents the change
occurred according to the previous event) is easier to feed with new data. However,
analytical processing is slowed down, because queries asking questions about states
of some object in some period of time will result in the comparison of timestamps
from different rows.

5. Conclusion and Further Research

The hypercube-based multidimensional model, and the star-schema based (extended-)
relational model have emerged as candidate data models for DWHs. However, these
models do not adequately address issues related to history data and time consistency,
which are certainly core issues in data warehousing, particularly for ADWHs.

The advantages provided by built-in time consistency support in data warehouses
include higher-fidelity data modeling, more efficient capturing of an organizations
history, as well as analyzing the sequence of changes to that history.
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Overall, we have shown how to provide knowledge workers with simple,
consistent, and efficient support for ADWH environments. The presented approach
enables a time consistent view for analysis purposes considering that the validity of
detail data (or aggregates) is typically restricted to time periods, because of frequent
updates and capturing delays. Ignoring this temporal issues leads to impoverished
expressive power and questionable query semantics in many real-life scenarios.

Important future research directions in this field will be the maintenance of DWHs
over dynamic information systems (data updates, schema changes, dynamic sources)
[12], and enhancements to the active behavior (e.g. automatic compensation actions
for significant changes) in the field of ADWH.
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Abstract. Multi-Dimensional Expressions (MDX) provide an interface for
asking several related OLAP queries simultaneously. An interesting problem is
how to optimize the execution of an MDX query, given that most data
warehouses maintain a set of redundant materialized views to accelerate OLAP
operations. A number of greedy and approximation algorithms have been
proposed for different versions of the problem. In this paper we evaluate
experimentally their performance using the APB and TPC-H benchmarks,
concluding that they do not scale well for realistic workloads. Motivated by this
fact, we developed two novel greedy algorithms. Our algorithms construct the
execution plan in a top-down manner by identifying in each step the most
beneficial view, instead of finding the most promising query. We show by
extensive experimentation that our methods outperform the existing ones in
most cases.

1 Introduction

Data warehouses have been successfully employed for assisting decision-making by
offering a global view of the enterprise data and providing mechanisms for On-Line
Analytical Processing (OLAP) [CCS93]. A common technique to accelerate OLAP
operations is to store some redundant data, either statically [Gupt97, GM99, SDN98]
or dynamically [KR99].

Most of OLAP literature assumes that queries are sent to the system one at a time.
In multi-user environments, however, many queries can be submitted concurrently. In
addition, the new API proposed by Microsoft [MS] for Multi-Dimensional
Expressions (MDX), which becomes de-facto standard for many products, allows the
user to formulate multiple OLAP operations in a single MDX expression. For a set of
OLAP queries, an optimized execution plan can be constructed to minimize the total
execution time, given a set of materialized views. This is similar to the multiple query
optimization problem for general SQL queries [PS88, S88, SS94, RSSB00], but due
to the restricted nature of the problem, better techniques can be developed.

Zhao et al. [ZDNS98] were the first ones to deal with the problem of multiple
query optimization in OLAP environments. They designed three new join operators,
namely: Shared scan for Hash-based Star Join, Shared Index Join and Shared Scan
for Hash-based and Index-based Star Join. These operators are based on common
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subtask sharing among the simultaneous OLAP queries. Such subtasks include the
scanning of the base tables, the creation of hash tables for hash based joins, or the
filtering of the base tables in the case of index based joins. Their results indicate that
there are substantial savings by using these operators in relational database systems.
In the same paper they propose three greedy algorithms for creating the optimized
execution plan for an MDX query, using the new join operators. Liang et. al [LOY00]
also present approximation algorithms for the same problem.

In this paper we use the TPC-H [TPC] and APB [APB] benchmarks in addition to
a 10-dimensional synthetic database, to test the performance of the above-mentioned
algorithms under a realistic workload. Our experimental results suggest that the
existing algorithms do not scale well when we relax the constraints for the view
selection problem. We observed that in many cases when we allowed more space for
materialized views, the execution cost of the plan derived by the optimization
algorithms was higher than the case where no materialization was allowed.

Motivated by this fact, we propose a novel greedy algorithm, named Best View
First (BVF) that doesn’t suffer from this problem. Our algorithm follows a top-down
approach by trying to identify the most beneficial view in each iteration, as opposed
to finding the most promising query to add to the execution plan. Although the
performance of BVF is very good in the general case, it deteriorates when the number
of materialized views is small. To avoid this, we also propose a multilevel version of
BVF (MBVF). We show by extensive experimentation that our methods outperform
the existing ones in most realistic cases.

The rest of the paper is organized as follows: In section 2 we introduce some basic
concepts and we review the work of [ZDNS98] and [LOY00]. In section 3 we identify
the drawbacks of the current approaches and in section 4 we describe our methods.
Section 5 presents our experimental results while section 6 summarizes our
conclusions.

2 Background

A multidimensional expression (MDX) [MS] provides a common interface for
decision support applications to communicate with OLAP servers. Here we are
interested on the feature of expressing several related OLAP queries with a single
MDX expression. Therefore, an MDX expression can be decomposed into a set Q of
group-by SQL queries. The intuition behind optimizing an MDX expression is to
construct subsets of Q that share star joins, assuming a star schema for the warehouse.
Usually, when the selectivity of the queries is low, hash-based star joins [Su96] are
used; otherwise, the index-based star join method [OQ97] can be applied. [ZDNS98]
introduced three shared join operators to perform the star joins.

The first operator is the shared scan for hash-based star join. Let q1 and q2 be two
queries which can be answered by the same materialized view v. Consequently they
will share some (or all) of their dimensions. Assume that both queries are non-
selective, so hash-based join is used. To answer q1 we construct hash tables for its
dimensions and we probe each tuple of v against the hash tables. Observe that for q2

we don’t need to rebuild the hash tables for the common dimensions. Furthermore,
only one scanning of v is necessary. Consider now that we have a set Q of queries all
of which use hash-based star join and let L be the lattice of the data-cube and MV be
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the set of materialized views. We want to assign each q³Q to a view v³MV such that
the total execution time is minimized. If v is used by at least one query, its
contribution to the total execution cost is:

)v(tt)v(Size)v(t join_hashO/I
hash

MV
+×= (1)

where Size(v) is the number of tuples in v, tI/O is the time to fetch a tuple from the disk
to the main memory, and thash_join(v) is the total time to generate the hash tables for the
dimensions of v and to perform the hash join. Let q be a query that is answered by
v�mv(q). Then the total execution cost is increased by:

))q(mv,q(t))q(mv(Size))q(mv,q(t CPU
hash

Q
×= (2)

where tCPU(q,v) is the time per tuple to process the selections in q and to evaluate the
aggregate function. Let MV’²MV be the set of materialized views which are selected
to answer the queries in Q. The total cost of the execution plan is:

åå
˛˛˛

+=
’MV)q(mv,Qq
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The problem of finding the optimal execution plan is equivalent to minimizing
hash
totalt  which is likely to be NP-hard. [LOY00] provide an exhaustive algorithm which

runs in exponential time. Since the algorithm is impractical for real life applications,
they also describe an approximation algorithm. They reduce the problem to a directed
Steiner tree problem and apply the algorithm of Zelikovsky [Zeli97]. The solution is
O(|Q|e) times worse than the optimal, where 0 < e � 1.

The second operator is the shared scan index-based join. Similar to the previous
case, a set of queries are answered by the same view v, but there are bitmap indexes
that can be used to accelerate all queries. The read and execution cost are defined as
before, the only difference being that they are scaled according to the selectivity of

the indexes (see [KP00] for details). The aim is to minimize the total cost index
totalt . In

addition to an exact exponential method, [LOY00] propose a polynomial
approximation algorithm that delivers a plan whose execution cost is O(|Q|) times the
optimal.

The third operator is the shared scan for hash-based and index-based star joins. As
the name implies, this is a combination of the previous two cases. [ZDNS98] propose
three heuristic algorithms to construct an execution plan: i) the Two Phase Local
Optimal algorithm (TPLO) which constructs the optimal plan for each query and then
merges the individual plans, ii) the Extended Two Phase Local Greedy algorithm
(ETPLG) which constructs the execution plan incrementally, adding one query at a
time and starting from the most general queries, and iii) the Global Greedy algorithm
(GG) which is similar to ETPLG but allows modifications to the already constructed
part of the plan. [LOY00] propose another algorithm, named GG-c, which is similar
to ETPLG but the order that the queries are inserted is defined dynamically.

None of the above algorithms scales well, when the number of materialized views
increases. In the next section we present an example that highlights the scalability
problem and verify experimentally that it affects severely the performance of the
algorithms under realistic workloads.
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3 Motivation

Figure 1 shows an instance of the multiple query optimization problem where {v1, v2,
v3} is the set of materialized views and {q1, q2} are the queries. We assume for
simplicity that all queries use hash-based star join. Let 1=O/It ,

10/)()(_ vSizevt joinhash =  and 210),( -=vqtCPU , " q, v. GG-c will search for the

combination of queries and views that result in minimum increase of the total cost, so
it will assign q1 to v1. At the next step q2 will be assigned to v2 resulting to a total cost
of 277.5. Assume that v3 is the fact table of the warehouse and v1, v2 are materialized
views. If no materialization were allowed, GG-c would choose v3 for both queries
resulting to a cost of 224. We observe that by materializing redundant views, the
performance deteriorates instead of improving. Similar examples can be also
constructed for the other algorithms.

In order to evaluate this situation under realistic conditions, we employed datasets
from the TPC-H benchmark [TPC], the APB benchmark [APB] and a 10-dimensional
synthetic database (SYNTH), where the size of the fact table was 6M, 1.3M and 20M
tuples, respectively (see [KP00] for details). Since there is no standard benchmark for
MDX, we constructed a set of 100 synthetic MDX queries. Each of them can be
analyzed into 2 sets of 2 related SQL group-by queries (q2_2 query set).  We used this
relatively small query set, in order to be able to run an exhaustive algorithm and
compare the cost of the plans with the optimal one. We varied the available space for
the materialized views (Smax) from 0.01% to 10% of the size of the entire data cube
(i.e. the case where all nodes in the lattice are materialized). We used the
GreedySelect [HRU96] algorithm to select the set of materialized views.

We employed the shared operators and we compared the plans delivered by the
optimization algorithms, against the optimal plan. All the queries used hash-based star
join. We implemented the greedy algorithm of  [ZDNS98] (GG) and the one of
[LOY00] (GG-c). We also implemented the Steiner-tree-based approximation
algorithm of [LOY00] for hash-based queries (Steiner-1). We set e = 1, since for
smaller values of e the complexity of the algorithm increases while its performance
doesn’t change considerably, as the experiments of Liang et. al. suggest. For
obtaining the optimal plan, we used an exhaustive algorithm whose running time (for
Smax = 10%) was 5300, 290 and 91 sec, for the SYNTH, the TPC-H and APB datasets
respectively.

Although the query set is too small to make safe conclusions, we can identify the
instability problems. There is a point where the cost of the execution plan increases
although more materialized views are available. Moreover, we observed that for the
SYNTH dataset, when Smax varied from 1% to 5%, the execution cost of the plans
delivered by GG, GG-c and Steiner-1, is higher in the presence of materialized views

q2

v2v1

q1

v3

Fig. 1. Two instances of the multiple-query optimization problem.v1|=100, |v2|=150, |v3|=200
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(i.e. we could achieve lower cost if we had executed the queries against the base
tables).

The performance of the algorithms is affected by the tightness of the problem. Let
AVQ be the average number of materialized views that can by used to answer each
group-by query. We identify three regions: (i) The high-tightness region where the
value of AVQ is small (i.e. very few views can answer each query). Since the search
space is small, the algorithms can easily find a near optimal solution. (ii) The low-
tightness region where AVQ is large. Here, each query can be answered by many
views, so there are numerous possible execution plans. Therefore there exist many
near-optimal plans and there is a high probability for the algorithms to choose one of
them. (iii) The hard-region, which is between the high-tightness and the low-tightness
regions. The problems in the hard region have a quite large number of solutions, but
only few of them are close to the optimal, so it is difficult to locate one of these plans.

In figure 2 we draw the cost of the plan for GG and the optimal plan versus AVQ.
For the SYNTH dataset the transition between the three regions is obvious. For TPC-
H, observe that for small values of AVQ, the solution of GG is identical to the optimal
one. Therefore the high execution cost for the plan is due to the specific instance of
the problem. We can identify the hard region at the right part of the diagrams, when
the trend for GG moves to the opposite direction of the optimal plan. Similar results
were also observed for APB and for other query setsm, for all algortithms.

In summary, existing algorithms suffer from scalability problems, when the
number of materialized views is increased. In the next section we will present two
novel greedy algorithms, which have better behavior and outperform the existing ones
in most cases.

4 Improved Algorithms

The intuition behind our first algorithm, named Best View First (BVF), is simple:
Instead of constructing the global execution plan by adding the queries one by one
(bottom-up approach), we use a top-down approach. At each iteration the most
beneficial view best_view ³ MV is selected, based on a savings metric, and all the
queries which are covered by best_view and have not been assigned to another view
yet, are inserted in the global plan. The process continues until all queries are covered.
Figure 3 shows the pseudocode of BVF.

GG Optimal
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4.35E+08
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(a) SYNTH dataset (b) TPC-H dataset

Fig. 2. Total execution cost versus AVQ
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The savings metric is defined as follows: Let v³MV, and let VQ²Q be the set of
queries that can be answered by v. Let C(q,ui) be the cost of answering q³VQ, by
using ui³MV and )),(min()(

||1
min

MVi
iuqCqC

££
=  that of answering q by using the most

beneficial materialized view. Then

ą̊=
VQq

i

i

qCvts )()(cos_ min
(4)

is the best cost of answering all queries in VQ individually (i.e. without using any
shared operator). Let cost(v) be the cost of executing all queries in VQ against v, by
utilizing the shared operators. savings(v) equals to the difference between s_cost(v)
and cost(v).

The complexity of the algorithm is polynomial. To prove this, observe first that
Cmin(q) can be calculated in constant time if we store the relevant information in the
lattice during the process of materializing the set MV. Then s_cost(v) and cost(v) are
calculated in O(|VQ|) = O(|Q|) time in the worst case. The inner part of the for-loop is
executed O(|AMV|) = O(|MV|) times. The while-loop is executed O(|Q|) times
because in the worst case, only one query is extracted from AQ in each iteration.
Therefore, the complexity of BVF is O(|Q|2¼|MV|).
Theorem 1: BVF delivers an execution plan whose cost decreases monotonically
when the number of materialized views increases. The proof can be found in the full
version of the paper [KP00]. It follows that:
Lemma 1: BVF delivers an execution plan P whose cost is less or equal to the cost of
executing all queries against the base tables of the warehouse by using shared star
join.

Theorem 1 together with lemma 1, guarantee that BVF avoids the pitfalls of the
previous algorithms. Note that there is no assurance for the performance of BVF
compared to the optimal one, since the cost of answering all the queries from the base
tables can be arbitrary far from the cost of the optimal plan. Consider again the
example of figure 1, except that there are 100 queries that are answered by {v1, v3}
and 100 queries that are answered by {v2, v3}. savings for v1 and v2 is zero, while

ALGORITHM BVF(MV, Q)
/* MV:={v1,v2, …,v|MV|} is the set of materialized views */
/* Q:={q1,q2, …,q|Q|} is the set of queries */
AMV:=MV /* set of unassigned materialized views */
AQ:=Q /* set of unassigned queries */
GlobalPlan:=«
while AQ�«

Let best_view be the view with the highest savings value
/* newSet is a set of queries that share an operator */
newSet.answered_by_view:=best_view
newSet.queries:= {q³AQ: q is answered by best_view}
GlobalPlan:=GlobalPlan ­ newSet
AMV:=AMV-best_view
AQ:=AQ-{q³AQ: q is answered by best_view}

endwhile
return GlobalPlan

Fig. 3.  Best View First (BVF) greedy algorithm
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savings(v3) = 11100 + 16650 – 620 = 27130, so all queries are assigned to v3. The cost
for the plan is 620. However, if we assign to v1 all the queries that are bellow it and do
the same for v2, the cost of the plan is 525. We can make this example arbitrarily bad,
by adding more queries bellow v1 and v2.

In general, BVF tends to construct a small number of sets, where each set contains
many queries that share the same star join. This behavior usually results to high cost
plans when there are a lot of queries and a small number of materialized views. To
overcome this problem, we developed a multilevel version of BVF, called MBVF. The
idea is that we can recursively explore the plan delivered by BVF by assigning some
of the queries to views that are lower in the lattice (i.e. less general views) in order to
lower the cost. MBVF works as follows (see [KP00]): First it calls BVF to produce an
initial plan, called LowerPlan. Then, it selects from LowerPlan the view v which is
higher in the lattice (i.e. the more general view). It assigns to v the queries that cannot
be answered by any other view and calls BVF again for the remaining views and
queries to produce newPlan. v and its assigned queries plus the newPlan compose the
complete plan. If its cost is lower that the original plan, the process continues for
newPlan, else the algorithm terminates. In the worst case, the algorithm will terminate
after examining all the views. Therefore, the complexity is O(|Q|2¼|MV|2).

Lemma 2: The cost of the execution plan delivered by MBVF is in the worst case
equal to the cost of the plan produced by BVF.

Note that lemma 2 does not imply that the behavior of MBVF is monotonic. It is
possible that the cost of the plan derived by MBVF increases when more materialized
views are available, but still it will be less or equal to the cost of BVF’s plan.

5 Experimental Evaluation

In order to test the behavior of our algorithms under realistic conditions, we
constructed three families of synthetic query sets larger than q2_2. Each query set
contains 100 MDX queries. An MDX query can be analyzed into S sets of |QSET|
related SQL group-by queries. We generated the query sets as follows: For each
MDX query we have randomly chosen S nodes q1, q2, ..., qS in the corresponding
lattice. Then, for each qi, 1 � i � S, we randomly selected |QSET| nodes in the sub-lattice
which is rooted in qi. We denote each query set as q|QSET|_S. For instance, the set
q50_1 captures the case where an MDX expression contains only related queries,
while in q1_50 the group-by queries are totally random.

In the first set of experiments, we assume that all queries use hash based star join.
Figure 4 presents the cost of the plan versus Smax (the cost was calculated using the
cost model from section 2). GG and GG-c produced similar results and Steiner-1
outperformed them in most cases, so we only include the later algorithm in our
figures. The SYNTH dataset is not shown due to lack of space; however the results
were similar. The first row refers to the q50_1 query set which is very skewed.
Therefore it is easy to identify sets of queries that share their star joins. BVF is worse
than Steiner-1 for small values of Smax (i.e. small number of materialized views), but
when Smax increases Steiner-1 goes into the hard-region and its performance
deteriorates. There are cases where the cost of its solution is higher that the Top_Only
case (i.e. when there are no materialized views). BVF on the other hand, doesn’t
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suffer from the hard-region problem, due to its monotonic property, so it is always
better that the Top_Only case, and outperforms Steiner-1 when Smax increases

MBVF was found to be better in all cases. For small values of Smax the algorithm is
almost identical to Steiner-1, but when the later goes into the hard-region, MBVF
follows the trend of BVF. Observe that MBVF is not monotonic. However, since it is
bounded by BVF, it exits the hard region fast, and even inside the hard region, the cost
of the plans does not increase dramatically.

In the second row of figure 4, we present the results for the q1_50 query set.
Although the trend is the same, observe that the cost of the plans of both BVF and
MBVF approach the cost of the Top_Only plan. The reason is that the group-by
queries inside q1_50 are random, so there is a small probability that there exist many
sets of related queries. Therefore, BVF and MBVF tend to construct plans with one or
two sets and assign it to a general view, or even to the base tables. Similar results
were obtained for the q25_2 query set.

In the next experiment, we tested the general case where some of the group-by
queries of each MDX are processed by hash-based star join, while the rest use index-
based hash join. We run experiments where the percentage of the group-by queries
that could use index-based star join was set to 50%, 25% and 10%. The subset of
queries that could use the indices was randomly selected from our previous query
sets. We did not consider the quite unrealistic case where all the queries would benefit
from the indices. Our results suggest that the trend in all the tested cases was the
same. In figure 5 we present the results for the 25% case (only GG-c is presented in
the diagrams, since it delivered the best plans).

The results are similar with the case where only hash-based star joins are allowed.
Observe however, that the distance of the produced plans from the Top_Only plan has
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Fig. 4. Total execution cost versus S
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. All queries use hash based star join. The first row refers
to the q50_1 query set and the second to the q1_50 query set
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increased in most cases. This is because the algorithms deliver plans that include
shared index-based star joins, so they can achieve, in general, lower execution cost.

6 Conclusions

In this paper we conducted an extensive experimental study on the existing algorithms
for optimizing multiple dimensional queries simultaneously in multidimensional
databases, using realistic datasets. We concluded that the existing algorithms do not
scale well if a set of views is materialized to accelerate the OLAP operations.
Specifically, we identified the existence of a hard-region in the process of
constructing an optimized execution plan, which appears when the number of
materialized views increases. Inside the hard region the behavior of the algorithms is
unstable, and the delivered plans that use materialized views can be worse than
executing all queries from the base tables.

Motivated by this fact, we developed a novel greedy algorithm (BVF), which is
monotonic and its worst-case performance is bounded by the case where no
materialized views are available. Our algorithm outperforms the existing ones beyond
the point that they enter the hard-region. However, BVF tends to deliver poor plans
when the number of materialized views is small. As a solution, we developed a
multilevel variation of BVF. MBVF is bounded by BVF, although it does not have the
monotonic property. Our experiments indicate that for realistic workloads MBVF
outperforms its competitors in most cases.
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Abstract. We present a novel approach to speeding up the evaluation of OLAP
queries that return aggregates over dimensions containing hierarchies. Our
approach is based on our previous version of CubiST (Cubing with Statistics
Trees), which pre-computes and stores all possible aggregate views in the
leaves of a statistics tree during a one-time scan of the data. However, it uses a
single statistics tree to answer all possible OLAP queries. Our new version
remedies this limitation by materializing a family of derived trees from the
single statistics tree. Given an input query, our new query evaluation algorithm
selects the smallest tree in the family which can provide the answer. Our
experiments have shown drastic reductions in processing times compared with
the original CubiST as well as existing ROLAP and MOLAP systems.

1 Introduction

Online analytical processing (OLAP) [2,12] is a recent technology that enables
decision support for large enterprise data warehouses. Starting point for OLAP is the
data cube, a multi-dimensional organization of the underlying data, which is well
suited for the analytical and navigational activities across the dimensions, hierarchies,
and associated measures. However, on any but the smallest databases, OLAP queries
tax even the most sophisticated query processors since the size of the data cube often
grows to hundreds of GBs or TBs and the data is of high dimensionality with large
domain sizes.

In [3], Fu and Hammer describe a new, efficient algorithm called CubiST (Cubing
with Statistics Trees) for evaluating ad-hoc OLAP queries using so-called Statistics
Trees (STs). In general, a statistics tree is a space-efficient encoding for all possible
aggregates in the cube, and can be used to evaluate queries that return aggregate
values (e.g., What is the percent difference in car sales between the southeast and
northeast from 1990 until 2000?) rather than sets of tuples (e.g., Find the names and
addresses of car dealers in the southeast who sold more cars in 1999 than in 1998).
We have termed the former type of query cube query. However, the original version
of CubiST does not efficiently support hierarchies, which are the result of partitioning
dimension values into different levels of granularity (e.g., days into weeks, quarters,
and years).
    In this paper, we present a new methodology called CubiST++ to evaluate cube
queries, which greatly improves upon the usefulness and efficiency of the original
CubiST. CubiST++ specifically improves the evaluation of cube queries involving
dimension hierarchies in a data cube. Instead of using a single (base) statistics tree to
compute all cube queries, our new algorithms materialize a family of trees from which
CubiST++ selects potentially smaller derived trees to compute the answer.
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In general, research aimed at speeding up OLAP queries falls into the following
categories: Special-purpose OLAP servers including Relational OLAP (e.g.,
MicroStrategy [11], Redbrick [15]) and Multi-dimensional OLAP (e.g., Arbor
Systems Essbase [1], Oracle Express [14]), pre-computation of query fragments using
materialized views (see for example, [6, 8, 9] for approaches to view selection as well
as [10] for a collection of excellent papers on view materialization). Also relevant is
the work on index structures (see [13] for an excellent overview) and processing of
aggregation queries [5, 16]. However, to be able to support a wide range of OLAP
queries, indexing and pre-computation of results alone will not produce good results.
For example, building an index for each attribute of the warehouse or pre-computing
every sub-cube requires too much space and results in unacceptable maintenance
costs. We believe that our approach which is based on a new encoding for aggregates,
a greedy strategy for selecting views, and a query processing algorithm represents a
major step towards supporting ad-hoc OLAP queries efficiently.

2 Families of Statistics Trees

2.1 The Statistics Tree Data Structure

We start by briefly introducing the statistics tree (ST) data structure and
corresponding algorithms to select and generate families of statistics trees. An ST tree
is a multi-way, balanced tree whose leave nodes contain the aggregates for a set of
records consisting of one or more attributes. By aggregates, we are referring to the
result of applying an aggregation function (e.g., count, min, max) to each
combination of dimension values in the data set. Leaf nodes are linked to facilitate
retrieval of multiple aggregates. Each level in the tree (except the leaf level)
corresponds to an attribute. An internal node has one pointer for each domain value,
and an additional “star” pointer representing the entire attribute domain (the star has
the intuitive meaning “any” analogously to the star in Gray’s cube operator [4]).
Internal nodes contain only tree node pointers. Initially, the values in the leave nodes
are set to zero or undefined. Populating the tree is done during a one-time scan of the
data set: for each record, the tree is traversed based on the dimension values in the
record; the leaf nodes at the end of the path are updated using the aggregation function
(e.g., incremented by one in the case of the count function). In a sense, an ST can be
considered a superview since it stores multiple traditional views representing different
group-by combinations. However, it differs from multi-dimensional arrays in that it
combines all arrays into a single structure which simplifies initialisation and
maintenance especially when the number of dimensions is not known in advance or
changes over time.

Fig. 1 depicts a simple statistics tree corresponding to a data cube with three
dimensions having cardinalities d1=2, d2=3, and d3=4 respectively. The contents of the
tree are shown after inserting the record (1,2,4)1 into an empty tree. The leaf nodes
                                                          
1 For efficiency, the values “1”, “2”, and “4” are integer representations for the domain values

of the three dimensions. For example, if the first dimension represents Manufacturer, “1”
may represent the value “Ford”, etc. The mappings for the other two dimensions work
similarly.
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store the result of applying the aggregation function count to the data set. The
update paths relating to the sample record are shown as solid thick lines in Fig. 1. The
amount of memory that is needed to store a k-dimensional statistics tree is bounded by
c(d1+1)(d2+1)…(dk+1), where di is the cardinality of dimension i, and the constant
value c accounts for the space that is needed to store the internal nodes of the tree.
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Fig. 1. Statistics tree after processing input record (1,2,4)

The original CubiST provides a useful framework for answering cube queries.
However, it does not efficiently answer queries on data cubes containing hierarchies
on the dimensional values (e.g., day, month and year in the case of the time
dimension) since it only stores data at the finest level of granularity (e.g., time in
terms of days). In those cases, one must first transform the conditions of the query,
which may reference different levels of the hierarchy, into conditions involving the
level of granularity represented by the ST (i.e., days), and then treat them as range
queries or partial queries over the detailed data. This is particularly inefficient for
queries involving only conditions on the coarsest level of granularity which could
have been answered using a much smaller ST. One way to reduce the I/O cost for the
large STs is to transmit only the leaves; the internal nodes can be generated in
memory without additional I/O. A more effective approach, and the one described in
this paper, is to materialize additional smaller trees, each representing the dimensions
at one particular level of the hierarchy. In most cases, cube queries can be answered
using one of the smaller trees rather than the single large ST as is done in CubiST. We
term this single large ST as defined in the original version of CubiST base tree. Using
the base tree, one can compute and materialize other statistics trees with the same
dimensions but containing different hierarchy levels for one or more of the
dimensions. We term these smaller trees derived trees. A base tree and its derived
trees form a family of statistics trees with respect to the base tree. Accordingly, we
call the new algorithm CubiST++ (CubiST plus families). Before presenting its details,
we first describe how to represent hierarchies.
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2.2 Hierarchical Partitioning and Mapping of Domain Values

In relational systems, dimensions containing hierarchies are stored in a row-column
format in which different levels are represented as separate attributes. As before, we
map the domain values into integers. However, in CubiST++ we also include the
hierarchies in our encoding: a value at a higher level of abstraction includes multiple
values at a lower level. By scanning a dimension table, we can establish the domain
value mappings, hierarchical partitions, as well as the inclusion relationships.

Consider Table 1, which represents the location information in a data source. We
first group the records by columns Region, State and City, remove duplicates,
and then map the domain values into integers using the sorted order. The result is
shown in Table 2 (numbers in parentheses denote the integer representations). For
example, value “1” for the Region dimension (“MW”) includes values “1” and “2”
for the State dimension (“IL”, “MN”) as well as values “1” and “2” for the City
dimension (“Chicago”, “Twin City”).

          Table 1. Original location data                           Table 2. Partitioning and mapping

2.3 A Greedy Algorithm for Selecting Family Members

To generate a family of statistics tree, we first need to choose from the set of all
possible candidate trees (i.e., trees containing all combinations of dimensions and
hierarchy levels) the best set of candidate trees. Second, we need to compute the
selected trees.

Potentially, any combination of hierarchy levels can be selected as a family
member. However, we must consider space limitations and maintenance overhead.
We introduce a greedy algorithm to choose the members in a systematic fashion.
Starting from the base tree, during each step, we roll-up the values of the largest
dimension to its next level in the hierarchy, keeping other dimensions unchanged. This
newly formed ST becomes a new member of the family. The iteration continues until
each dimension is rolled-up to its coarsest level of granularity or until the size of the
family exceeds the maximum available space. The total size of the family is less than
the single base tree.

Suppose a base tree T0 represents a data set with three dimensions d1, d2, d3 whose
cardinalities are 100 each. Each dimension is organized into ten groups of ten
elements creating a two-level hierarchy. We use the superscripted hash mark ‘#’ to
indicate values corresponding to the second hierarchy level. For example, 0#

LocationID City State Region
1 Gainesville FL SE
2 Atlanta GA SE
3 Los Angeles CA WC
4 Chicago IL MW
5 Miami FL SE
6 San Jose CA WC
7 Seattle WA WC
8 Twin City MN MW

Region State City 
MW (1) IL (1) Chicago (1)

MN (2) Twin City (2)
SE (2) FL (3) Gainesville (3)

Miami (4)
GA (4) Atlanta (5)

WC (3) CA (5) Los Angeles (6) 
San Jose (7)

WA (6) Seattle (8)
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represents values 0 through 9 from the first hierarchy level, 1# represents values 10
through 19, etc. The degrees of the internal nodes of T0 are 101 for each level of the
tree (the extra 1 accounts for the star pointer). The selected derived trees T1, T2, T3 that
make up a possible family together with T0 are as follows: T1 is the result of rolling up
d2 in T0 (since all three dimensions are of the same size, we pick one at random). T1 has
degrees 101, 101 and 11. T2 is the result of rolling up d1 in T1. Its degrees are 101, 11,
and 11. T3 is the result of rolling up d0 in T2. Its degrees are 11, 11, and 11.

2.4 Deriving a New Statistics Tree

Except for the base tree, which is computed from the initial data set, each derived tree
is computed by rolling-up one of its dimensions. Before introducing our new tree
derivation algorithm, we first define the a new ST merge operator “⊕” as follows:

Definition 2.1: Two STs are isomorphic if they have the same structure except for
the values of their leaves. Merging two isomorphic ST's S1, S2 results in a new ST S
that has the same structure as S1 or S2 but its leaf values are the sum of the
corresponding leaf values of S1 and S2. This relationship is denoted by S=S1⊕ S2.

In order to derive a new tree, the derivation algorithm proceeds from the root to the
level (i.e., the dimension) that is being rolled up. Here, we reorganize and merge the
sub-trees for all the nodes in that level to form new subtrees. For each node, we adjust
the degree and update its pointers to reference the newly created subtrees.

1 2 3 4 5 6 7 8 9 * 1# 2# 3# *

1# 2# 3#

S1

S2

S3

S4

S5

S6

S7

S8

S9

S* S2

S3

S*

S1
#

#

#

Roll-up

Node N Node N’

Fig. 2. Rolling-up the dimension values in a two-level hierarchy

The best way to illustrate the derivation algorithm is through an example. Suppose
that during the derivation, we need to roll-up a dimension that has nine values and
forms a two-level hierarchy consisting of three groups with three values each. A
sample node N of this dimension with children S1, ..., S9, S* is shown on the left of Fig.
2. We merge its nine subtrees into three new subtrees S1

#, S2

# and S3

# each having three
subtrees. The new node N’ with degree four is shown on the right side of the figure.
The star subtree remains the same. Using the definition from above, we can see that
the following relationships hold among the subtrees of nodes N and N’:

S1

#=S1⊕S2⊕S3, S2

#=S4⊕S5⊕S6, and S3

#=S7⊕S8⊕S9 .
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3 Answering Cube Queries Using a Family of Statistics Trees

Once a family is created, it can be used to answer cube queries. We have designed a
new language called Cube Query Language (CQL) for representing cube queries
efficiently. After introducing CQL, we will describe our query processing strategy.

3.1 The Cube Query Language CQL

A cube query contains the following information: the desired measure(s), the
aggregate operation used, the dimensions and their hierarchy levels with constraints,
and the selected value subsets of the domains. CQL represents cube queries as
follows:

AGGR-OPERATORMEASURES((D-INDEX,H-LEVEL):SELECTED-VALUES; …) .
Constraints, which appear in the body of the query between the parentheses, are

separated by semicolons. Each constraint contains the dimension (D-INDEX) as well
as the hierarchy level (H-LEVEL). The selected values can be specified in one of
three ways: as a single value, a range, or a partial selection. If there is no constraint
(null constraint) on a dimension, we can specify an “ALL” value for it. The hierarchy
level can be omitted if the constrained dimension is non-hierarchical or the selected
values are at the lowest level of the dimension (default value 0). In this case, the
constraint is simplified as D-INDEX: SELECTED VALUES.

The following is a CQL representation of the cube query “Find the total (car) sales
for Orlando from March through October.” For clarity, we are using actual names and
values rather than the integer representations:

q=SUMSALES((Time,Month):[Mar,Oct];(Location,City):Orlando).

3.2 Choosing the Optimal Derived Tree

Given a family of trees, more than one tree may be able to answer a given query;
however, the smallest possible one is preferred. The desired tree is the tree which
contains the highest level of abstraction that matches the query. This tree can be found
using our query-matching scheme, which is based on the following definition.

Definition 3.1: A tree matrix (TM) is a matrix in which rows represent dimensions,
columns represent the hierarchy levels, and the row/column intersections contain the
labels of the ST's in the family. Intuitively, a TM describes the views that are
materialized in the hierarchies.

Fig. 3. A sample tree matrix

level 0 level 1

1

3

2

T0, T1, T2

T0, T1

T0

T3

T2, T3

T1, T2, T3

Level of 
Abstraction

Dimension
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Continuing with our sample family of trees from Sec. 2.3, T1 has degrees 101, 101,
11. Its first two dimensions have not been rolled-up (level 0 of the hierarchy) whereas
the third dimension has been rolled-up to level 1; hence T1 is placed in column 1 for
rows 1 and 2 and in column 2 for row 3. Trees T0 and T1 are placed accordingly as
shown in Fig. 3. Next, we provide three definitions for representing hierarchies and
for what constitutes an optimal match between a query and an ST.

Definition 3.2: A query hierarchy vector (QHV) is a vector (l1,l2,...,lk), where li is
the ith dimension level value in its hierarchy in the query.

Definition 3.3: A QHV (l1,l2,...,lk) matches view T in the TM iff li ≥ column index
of the ith row entry of T in TM, ∀i, i=1,2,...,k. In this case, T’s column index vector,
which is composed of  T’s column indices, is less than QHV.

Definition 3.4: An optimal matching tree with respect to a query is the tree in TM
that has the largest index number and matches the query's QHV.

Consider the sample cube query q=count((1,1):3,(2,0):2,(3,1):5).
Its QHV is (1,0,1). We start by matching the smallest tree T3. Since the column vector
for T3 is (1,1,1), which does not match (1,0,1), T3 is not considered. For the same
token, the second smallest tree T2 is also not an optimal match. However, the column
index vector of T1 is (0,0,1) ≤ (1,0,1), i.e. T1 matches QHV. Hence T1 is the optimal
matching tree which is used to answer q.

Fig. 4. Using T1 to answer a cube query

3.3 Rewriting and Answering the Query

Each query is evaluated based on its optimal matching ST. Before evaluation, the
query must be rewritten if its QHV is not equal to the ST's column index vector. For
example, query q=count((1,1):3,(2,0):2,(3,1):5) must be rewritten into
q’=count([30,39],2,(3,1):5) so that its new QHV (0,0,1) exactly equals
the levels of optimal ST (in this case T1).

Next, we compute the query using T1 by applying the original query evaluation
algorithm of CubiST. Due to space limitations, we can only highlight the query
processing steps using an example; complete details can be found in [7]. Fig. 4
displays T1 after initialisation. To answer query q=count(2,[1,3],{1,3}), we
follow the second pointer of the root to the node of level 2 and then the first three

...

...• • ••• • • •••

• • ••

4 6 7 8 25 5 3 9 10 27

• ••

• • ••

1 0 4 1 6

•

...

...

1  2   *

1  2  3  *

1  2  3  4  * 1  2  3  4  * 1  2  3  4  *

...
4  +    7 +             5   +   9                 +            1   + 4     =     30
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pointers to the nodes of level 3. From there, we follow the first and third pointers to
the leaves that contain the partial aggregates for count (shown in bold). The
summation of the counts is the final answer. The paths taken by the algorithm are
shown as dashed lines.

4 Performance Evaluation

We have evaluated CubiST++ in three different scenarios: against the original version
which does not use families, against a popular index structure, and against a
commercial RDBMS which has been fine-tuned for OLAP. In all three experiments,
CubiST++ has shown promising performance. To conduct the experiments, we have
simulated a relational warehouse using synthetic data sets. The data elements are
uniformly distributed across the underlying domain for each column. For each set of
experiments, a set of randomly generated queries is used. The testbed consist of a
SUN ULTRA 10 workstation running Sun OS 5.6 with 90MB of RAM.

In the first experiment, we show the effectiveness of using families of statistics
trees. We have fixed the number of records to r=1,000,000. We also assume there are
three dimensions, each of which has a two-level hierarchy. To simplify the
hierarchical inclusion relationships, we further assume that each second level value
includes an equal number of first level values; this number is referred to as factor. The
test query is q=count(s1)=count([0,29]). For both approaches, we compare
the size of the ST’s (based on number of leaves), the I/O time spent on loading the ST
into memory, and the total query answering time. Table 3 summarizes the results,
which show a dramatic decrease in I/O and query processing time in favour of
CubiST++.

Table 3.  Sample running times for CubiST++ using different derived trees

In the second experiment, we compare the setup and response times of CubiST++

with those of two other approaches: A naive query evaluation technique henceforth
referred to as scanning and a bitmap-based query evaluation algorithm referred to as
bitmap. The bitmap-based query evaluation algorithm uses a bitmap index structure to
answer cube queries without touching the original data set when the bit vectors are
already setup. In this series of experiments, the domain sizes of the five dimensions in
the data set are 10, 10, 15, 15, and 15 respectively.

Fig. 5 shows the results for the query q=count([2,8],[2,8],[5,10]).
Although the setup time for CubiST++ is larger than that of Bitmap, its response time is
faster and independent of the number of records.

Factors 1, 1, 1 3, 2, 2 4, 4, 3
Dimension Sizes 60, 60, 60 20, 30, 30 15, 15, 20

Number of Leaves 226,981 20,181 5,376
I/O Time (ms) 16,818 1,517 384

Total Time (ms) 25,387 1,655 446
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Fig. 5. CubiST++ vs. Bitmap: setup and response times vs. number of records

In our last set of experiments, we compare running times of CubiST++ against those
of a commercial RDBMS. The single relational table in the warehouse has 1,000,000
rows and 5 columns with domain sizes 10, 10, 10, 10, and 15. First, we loaded the
table and answered five randomly generated cube queries using the commercial
ROLAP engine. Next, we created a view to group all five columns in support of the
count operation. The view was materialized and used to answer the same set of
queries. The same queries were also processed by CubiST++.

                    Fig. 6.  Setup times   Fig. 7. Query response times

The results are shown in Figures 6 and 7. The column labelled “Writing” in Figure
6 refers to the time it takes to write the entire table to disk (for comparison only).
Notice that in Figure 7 the query execution times for CubiST++ are around 1ms and
cannot be properly displayed using the relatively large scale. It is worth pointing out
that the evaluation times of CubiST++ are two orders of magnitude faster than those
posted by the RDBMS using the materialized view.

5 Conclusions

In this paper, we have presented an overview of CubiST++, a new algorithm for
efficiently answering cube queries that involve constraints on arbitrary abstraction
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hierarchies. Using a single base statistics tree, we select and derive an appropriate
family of statistics trees which are smaller then the base tree and, when taken together,
can answer most ad-hoc cube queries while reducing the requirements on I/O and
memory. We have proposed a new greedy algorithm to choose family members and a
new roll-up algorithm to compute derived trees. Using our matching algorithm, the
smallest tree that can answer a given query is chosen. Our experiments demonstrate
the significant performance benefits of CubiST++ over existing OLAP techniques.
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Abstract. Time is one of the dimensions we frequently find in data
warehouses allowing comparisons of data in different periods. In cur-
rent multi-dimensional data warehouse technology changes of dimension
data cannot be represented adequately since all dimensions are (implic-
itly) considered as orthogonal. We propose an extension of the multi-
dimensional data model employed in data warehouses allowing to cope
correctly with changes in dimension data: a temporal multi-dimensional
data model allows the registration of temporal versions of dimension
data. Mappings are provided to transfer data between different temporal
versions of the instances of dimensions and enable the system to correctly
answer queries spanning multiple periods and thus different versions of
dimension data.

1 Introduction and Motivation

Data warehouses or data marts are integrated materialized views over several
often heterogeneous data sources. Their most important usage is On-Line Ana-
lytical Processing (OLAP) typically using a multi-dimensional view of the data.
OLAP tools then allow to aggregate and compare data along dimensions relevant
to the application domain. Typical examples of dimensions found frequently in
business data warehouses include time, organizational structure (divisions, de-
partments, etc.), space (cities, regions, countries) and product data.

This multi-dimensional view provides long term data that can be analyzed
along the time axis, in contrast to snapshot-based OLTP systems. Available
OLAP systems are therefore prepared to deal with changing values of fact data,
e. g. , changing profit or turnover but surprisingly not for modifications in di-
mension data, e. g. , if a new branch or division is established, although time is
usually explicitly represented as a dimension in data warehouses.

The reason for this disturbing property of current data warehouse technology
is the implicitly underlying assumptions that the dimensions are orthogonal.
Orthogonality with respect to the dimension time means the other dimensions
ought to be time-invariant. This silent assumptions inhibits the proper treatment
of changes in dimension data.

Naturally, it is vital for the correctness of results of OLAP queries that
modifications of dimension data is correctly taken into account. E. g. , when the

Y. Kambayashi, W. Winiwarter, and M. Arikawa (Eds.): DaWaK 2001, LNCS 2114, pp. 284–293, 2001.
c© Springer-Verlag Berlin Heidelberg 2001
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economic figures of European countries over the last 20 years are compared on a
country level, it is essential to be aware of the re-unification of Germany, the sep-
aration of Czechoslovakia, etc. Business structures and even structures in public
administration are nowadays subject to highly dynamic changes. Comparisons
of data over several periods, computation of trends, etc. have the necessity to
correctly and adequately treat changes in dimension data. Otherwise we face
meaningless figures and wrong conclusions triggering bad decisions. From our
experience we could cite too much such cases.

The following extensions to a data warehouse are therefore necessary:

• Temporal extension: dimension data has to be time stamped in order to
represent their valid time.

• Structure versions: by providing time stamps for dimension data the need
arises that our system is able to cope with different versions of structures.

• Transformation functions: Our system has to support functions to trans-
form data from one structure version into another.

In contrast to temporal databases, which have been well studied, e. g. , [3,7,
8], few approaches are known in literature for temporal data warehouses, e. g. ,
[4,13]. The same holds for schema evolution of databases, e. g. , [11,5] vs. schema
evolution of data warehouses, e. g. , [2].

[4] present necessary extensions to a data warehouse to cover temporal as-
pects, in particular to keep track of the history of hierarchical assignments. [2,1]
deal with schema evolution and schema versioning for data warehouse systems,
transfering changes of the conceptual schema can be automatically into the log-
ical and internal schema. However, these papers do not address the inevitable
consequences of these scheme evolutions for analytical queries.

A formal definition of a temporal OLAP system and a temporal query lan-
guage (TOLAP) is proposed in [12], however, without transformation of data
between structural versions the system is not able to cope with changes in the
time and fact dimensions.

In another proposal [13], the schema is extended with time stamps to enable
the user to analyze data for different scenarios. However, this approach is limited
to some basic operations on dimension data (e. g. , insert/delete a dimension
member; change the “parent” of dimension member).

2 Temporal Multidimensional Systems

A multidimensional view on data consists of a set of dimensions. defining an
n-dimensional data cube [14,10]. Usually, a data cube is defined by a dimension
Time, a dimension Facts and by several dimensions describing the managerial
structures such as divisions, products, or branches.

A dimension is a set of dimension members and their hierarchical structure.
For example “VCR X-25”, “VCRs” and “All Products” are dimension members
of the dimension “Products” and are in the hierarchical relation All Products
→ VCRs → VCR X-25. The hierarchical structure of all dimensions defines all
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possible consolidation paths, i. e. , it defines all possible aggregation and disag-
gregation paths.

We will now extend this description of a multi-dimensional system to define
a temporal data warehouse supporting valid time relations:

• Chronons: A chronon Q is defined as “a non-decomposable time interval
of some fixed, minimal duration” [9]. This means a chronon is the finest
dimension member in the dimension time and the time axis defined through
the dimension time is a series of chronons.

• Time Intervals: All dimension members and all hierarchical links between
these dimension members are associated with a time interval [Ts, Te] repre-
senting the valid time beginning at Ts and ending at Te (with Te ≥ Ts).

More formally, a temporal multidimensional system consists of:

i.) A number of dimensions N + 1.
ii.) A set of dimensions D = {D1, ..., DN , F} where F is the dimension de-

scribing the required facts and Di are all other dimensions including a time
dimension if required.

iii.) A number of dimension members M .
iv.) A set of dimension members DM = DMD1 ∪ ... ∪ DMDN

∪ DMF =
{DM1, ..., DMM} where DMF is the set of all facts, DMDi is the set of all
dimension members which belong to dimension Di. A dimension member
DMi is defined as DMi =< DMid, Key, Di, UDA, [Ts, Te] >. DMid is a
unique identifier for each dimension member that cannot be changed (similar
to Oid′s in object-oriented database systems). [Ts, Te] represents the valid
time of the dimension member. Di is the dimension identifier to which the
dimension member belongs. Key is a user defined key (e. g. , the number
of a product) which is unique within Di for each timepoint Ts ≤ T ≤ Te.
UDA is a set of user defined attributes (e. g. , the name and/or color of a
product).

v.) A set of hierarchical assignments H = {H1, ..., HO} where Hi =< DMC
id,

DMP
id, Level, [Ts, Te] >. DMC

id is the identifier of a dimension member,
DMP

id is the dimension member identifier of the parent of DMC
id or ∅ if

the dimension member is a top-level dimension member. Level is a value
0...L where L is the number of layers and Level is the level of DMC

id. All
“leaves” (dimension members without successors) are at level 0. [Ts, Te] is
the time stamp representing the valid time for the relation between DMC

id

and DMP
id. No dimension member may be its own parent/child and cycles

within H are not admissible.
vi.) A function cval : (DMD1 , ..., DMDN , DMF ) → value which uniquely as-

signs a value to each vector (DMD1 , ..., DMDN
, DMF ) where (DMD1 , ...,

DMDN , DMF ) ∈ DMD1 × ... × DMDN × DMF . Therefore, a cube (or
n-cube) C is defined by this function cval. The domain of this cube dom(C)
is the set of all cell references. The range of this cube ran(C) are all cell
values.
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Fig. 1. A Dimension Divisions with time stamps

3 Structure Versions

Temporal projection and selection [9] allows us to define a Structure Version
(SV) of a temporal data warehouse. Intuitively, a structure version is a view on
a multidimensional structure that is valid for a given time interval [Ts, Te]. All
dimension members and all hierarchical relations are also valid for the given time
interval. In other words: within one structure version no dimension member is
changed nor a hierarchical relation. Vice versa each modification of a dimension
member or a hierarchical relation leads to a new structure version.

Formally, each structure version is a 4-tuple < SVid, T , {DMD1,SVid
, ...,

DMDN ,SVid
, DMF,SVid

}, HSVid
> where SVid is a unique identifier and T repre-

sent the valid time of that structure version as a time interval [Ts, Te]. DMDi,SVid

(DMDi,SVid
⊆ DMDi) is a set of all dimension members which belong to dimen-

sion Di and which are valid at each timepoint P with Ts ≤ P ≤ Te. DMF,SVid

(DMF,SVid
⊆ DMF ) is the set of all facts which are valid at each timepoint P

with Ts ≤ P ≤ Te. HSVid
(HSVid

⊆ H) is a set of hierarchical assignments valid
at each timepoint P with Ts ≤ P ≤ Te.

Conceptually each structure version SV has a corresponding cube with the
same valid time interval. Fig. 1 shows an example for the consolidation tree of
the dimension “Divisions” including time intervals. Each node and each edge in
this figure has a time interval [Ts, Te]. An attribute of “SubDiv.D” was modified
at M4, a new subdivision “SubDiv.E” was introduced at M4 and Div.C was a
subdivision of Div.B from M1 until M3 (dotted line). Two structure versions
can be identified in this example:

i.) <SV1, [M1, M3], {{Divisions, Div.A, Div.B, Div.C, SubDiv.D}, {Sales}},
{Div.A → Divisions, SubDiv.D → Div.A, ...} >

ii.) <SV2, [M4, ∞], {{Divisions, Div.A, Div.B, Div.C, SubDiv.D, SubDiv.E},
{Sales}}, {Div.A → Divisions, SubDiv.D → Div.A, ...} >.

In this example we have two different structure versions SV1 and SV2. SV1
and all given dimension members (Divisions, Div.A, Div.B, ...) and hierarchical
assignments (Div.A → Divisions, ...) are valid from M1 to M3. SV2 is valid from
M4 to ∞, i. e. , until now.
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4 Structural Changes

We define the structure of a data warehouse (DWH) as a non-empty, finite set
of structure versions DWH = {SV1, ..., SVn}, where each structure version SVi

is a 4-tuple < SVid, T, DMSVid
, HSVid

> (see above) forming a dense sequence
of tuples < SVid, Ti, DMSVid

, HSVid
> with respect to chronon Q, i. e. , Ti =

[Ti,s, Ti,e] such that Ti,s = T(i−1),e + Q.
We provide three basic operations INSERT, UPDATE and DELETE to modify

the structure of a temporal data warehouse, i. e. , the dimension data within
the granularity defined through the chronon Q. Key, Di, UDA and DMP

id are
defined as described in Sect. 2

INSERT(DM, Ts): inserts the new dimension member DM as < Key, Di,
UDA, DMP

id >. Ts defines that DM is valid for the time interval [Ts, ∞]. A
unique DMid is assigned to the new element.

UPDATE(Key,Di, DM ′, Ts): changes an existing dimension member identi-
fied by Key and Di to a new dimension member DM ′ as < Key, UDA,
DMP

id >. An UPDATE operation consists of two actions: set the ending time
of an existing dimension member to Ts − Q, and insert a new dimension
member, with the valid time interval [Ts, ∞].

DELETE(DM, Te): changes the end time of the dimension member DM to Te.

Using these basic operations we can modify the structural dimensions of the
multidimensional cube. We distinguish among the following modifications:

i.) SPLIT: One dimension member splits into n dimension members.
ii.) MERGE: n dimension members are merged into one dimension member.
iii.) CHANGE: An attribute, e. g. the product number, of a dimension member

changes.
iv.) MOVE: Modify the hierarchical position of a dimension member.
v.) NEW-MEMBER: Insert a new dimension member.
vi.) DELETE-MEMBER: Delete a dimension member.

5 Mappings between Structure Versions

We will now extend the temporal model of a data warehouse presented in chapter
2 with the definition of mapping functions between structure versions.

A structure version is a view on a temporal data warehouse valid for a given
time period [Ts, Te]. We distinguish between the structure of a structure ver-
sion (the set of all valid dimension members of the structure version together
with their hierarchies) and the data of a structure version (the cube defined by
mapping the structure to the value domain).

For answering queries on the data warehouse the user always has to define
which structure version should be used. The data returned by the query can,
however, originate in several (different) temporal versions of the cube. There-
fore, it is necessary to provide transformation functions mapping data from one
structure version to a different structure version.
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Fig. 2. An example for structural changes and mapping functions

In the rest of the paper we make the following assumptions: Relations be-
tween different structure versions depend on the contemplated fact. For sake of
simplicity and understandability we only consider the cube for a single fact. Fur-
thermore, the cell values of upper-level dimension members are always computed
from their subordinate lower level dimension members. Therefore, without loss
of generality, we do not consider the upper levels here and assume that the di-
mensions are flat. Or, in other terms: before we transform the data we select the
cube of the dimension members at level-0 and transform only this subset of cell
values and compute the upper-levels of the resulting cube bottom-up as usual.

5.1 Definition of Inter-structure Relationships

Mapping functions are employed to map data (cell values) for numeric facts and
a particular dimension member from one structure version into another using a
weighting factor. MapF is defined as MapF (SVj , SVk, DMid, DM ′

id, {M1
id, ...,

Mn
id}, w) where SVj and SVk are different structure versions. DMid and DM ′

id

are unique IDs for dimension members for which DMid ∈ SVj and DM ′
id ∈ SVk

is true. DMid and DM ′
id must be dimension members of the same dimension.

{M1
id, ..., M

n
id} is a non-empty, finite set of fact IDs and ∃f : f ∈ F ∧ fid = M i

id.
w is the weighting factor to map data from one structure version into another.

We implicitly introduce a mapping function for each dimension member
which does not change from one structure version into another with w = 1.

Mapping functions may be applied to map data between contiguous or non
contiguous structure versions. Two structure versions SVi and SVk are contigu-
ous if Ts,i = Te,k + Q or if Ts,k = Te,i + Q.

For a split or a merge operation we need several mapping functions, e. g. , if
department A splits up into A1, A2 and A3 we would need three functions to map
data from A to An and three functions to map data from An to A. We do not
restrict the user regarding the weighting factor w. This means that the sum of
all weighting factors for all functions A → An (split) does not have to be 1, i. e. ,
100%. Vice versa not all weighting factors of the functions A1 → A, ..., An → A
(merge) need to be 1.
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The example given in Fig. 2 shows several structural changes in a dimension
“Divisions”, e. g. , “Div.A” splits up into “Div.A1” and “Div.A2” from SV2 to
SV3 and that for the fact “Turnover” “Div.A1” in SV3 corresponds to 30% of
the “Div.A” in SV2 (see function 1). Or vice versa that the “Div.A” in SV2 is
equal to the sum of A1 and A2 in SV3 (see functions 3 and 4). This example
would result in the following mapping functions for the fact “Turnover”:

1.) MapF (SV2, SV3, Div.A, Div.A1, {Turnover}, 0.3)
2.) MapF (SV2, SV3, Div.A, Div.A2, {Turnover}, 0.7)
3.) MapF (SV3, SV2, Div.A1, Div.A, {Turnover}, 1)
4.) MapF (SV3, SV2, Div.A2, Div.A, {Turnover}, 1), and so on...

5.2 Transformation Matrices

On a conceptual level we can represent each multidimensional cube and the rela-
tionships between dimension members of different structure versions as matrices.

Let SVi be a structure version with N dimensions. Each dimension DN con-
sists of a set DML0

N which represents all Level-0 dimension members of that
dimension. We can represent this structure version as a DML0

1 × DML0
2 × . . . ×

DML0
N matrix.

Let SV1 and SV2 be two structure versions. We define a transformation ma-
trix TSV1,SV2,Di,F for each dimension Di and each fact F . Where T (di, dj) is
a number representing the weighting factor for mapping a fact F of dimension
member di of structure version SV1 to a fact of dimension member dj of structure
version SV2.

These transformation matrices are merely another way of representing the
information contained in the MapF relation described above. We want to empha-
size that the construction of these matrices is a conceptual view on the trans-
formation. Any meaningful implementation will take into account that these
matrices are usually sparse and will not implement the matrices in a naive way.

Example: Consider a cube C representing the structure defined through a
structure version SV1 with the dimensions A = {a1, a2, a3} and B = {b1, b2, b3}
(ai and bj are dimension members). We represent the cell values for a specific
fact in this cube as a matrix. Therefore, a value in this matrix represents a cell
value in the given 2-dimensional cube.

C =




a1 a2 a3

b1 3 7 5
b2 10 8 6
b3 20 13 5




As mentioned above we need one transformation matrix for each dimension
Di to map data from structure version SV1 into structure version SV2. In the
following example we split the dimension member a1 into a11 and a12 and we
merge b1 and b2 into b12. The functions between SV1 and SV2 for a fact “Fact”
are defined by the following operations:
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• MapF (SV1, SV2, a1, a11, Fact, 0.3) • MapF (SV1, SV2, a1, a12, Fact, 0.7)
• MapF (SV1, SV2, b1, b12, Fact, 1) • MapF (SV1, SV2, b2, b12, Fact, 1)

To represent these functions we define two transformation matrices. TA for
dimension A, and TB for dimension B:

TA =




a11 a12 a2 a3

a1 0.3 0.7 0 0
a2 0 0 1 0
a3 0 0 0 1


 TB =

( b1 b2 b3

b12 1 1 0
b3 0 0 1

)

5.3 Transformation of Warehouse Data

The goal of the transformation is to map the warehouse data (cube) of a certain
structure version SV1 to the structure of a different structure version SV2. We
first define a function to transform the cube in one dimension:

fSV1,SV2,D,F transforms the values of fact F of structure version SV1 to the
structure version SV2 in the dimension D as follows:

fSV1,SV2,D,F (CD=j) =
∑

j∈DMD,SV1

TSV1,SV2,D,F (i, j) ∗ CD=j for all i ∈ DMD,SV2

where C is a cube with the dimension members of SV1 in dimension D and
C ′ is the transformed cube where all values in the cube have been transformed
to the members of the dimension D in the structure version SV2 according to
the transformation matrix T . CD=j is the (n-1) dimensional sub-cube of an n-
dimensional cube associated with the member j in dimension D.

It is easy to see, that transforming a cube in dimension Dx first, and then
in dimension Dy yields the same result as the transformation in the reverse
sequence. The transformation of a fact F in a cube C from structure version SV1
to structure version SV2 is now defined as a sequence of functions successively
transforming the cube in all dimensions Di:

fSV1,SV2,F = fSV1,SV2,D1,F (fSV1,SV2,D2,F (. . . fSV1,SV2,Dn,F (CSV1) . . .))

As seen from the observation above the result does not depend on the se-
quence of transformation used. Again, we emphasize that this is the specification
of a transformation function, and the actual implementation will efficiently make
use of the sparseness of the involved matrices, etc.

Example: By using the defined transformation functions we are now able to
transform data from SV1 into SV2. The cube C and the transformation matrices
TA and TB are given in the example in Sect. 5.2.

C ′ = fSV1,SV2,DA,F (fSV1,SV2,DB ,F (C))

=
( a11 a12 a2 a3

b12 3.9 9.1 15 11
b3 6 14 13 5

)



292 J. Eder and C. Koncilia

The matrix C ′ represents the cube with the structure defined through struc-
ture version SV2 and the values of structure version SV1.

6 Queries

When a user issues a query within such a system, he/she has to define a timepoint
Tq. This timepoint specifies a certain base structure version where Ts ≤ Tq ≤ Te

and [Ts, Te] defines the valid time interval of the base structure version.
This base structure version determines which structure has to be used for

the analysis. In most cases this will be the current structure version. However,
in some cases it will be of interest to use an “older” structure version. Suppose
the structure versions given in Fig. 2 are valid for the following time periods and
the chronon is a month:

Table 1. Valid time periods

Version Ts Te

SV1 Jan. 1998 Mar. 1998
SV2 Apr. 1998 Jan. 1999
SV3 Feb. 1999 Dec. 1999
SV4 Jan. 2000 ∞

We might assume the user chooses SV4 as base structure version and requests
data for March 2000 and March 1999 for the analysis. In this case the system
needs functions to map data which is valid for the structure version SV3 into
the structure version SV4. The same analysis however could also be made with
SV3 as base structure version. For this query the system needs functions to map
data from SV4 to SV3.

For each query, the systems checks which structure versions are necessary
to answer the query. E. g. , for SV4 as base structure version and the valid time
intervals according to Tab. 1, the structure versions SV4, SV2 and SV1 are nec-
essary to answer the query “return costs for all divisions for January 1999 and
January 1998”. For each fact the system checks for a mapping function from SV1
to SV4 and from SV2 to SV4.

7 Conclusion

We presented a novel approach for representing changes in dimension data of
multi-dimensional data warehouses, by introducing temporal extension, struc-
ture versioning and transformation functions. This representation can then be
used to pose queries (analysis) against the structure valid at a given point in
time and correctly admit data from other periods into the computation of the
result.

This effort is necessary as changes in these data have the combined charac-
teristics of temporal databases and schema evolution, as these dimension data
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serve in multi-dimensional systems as data as well as schema elements. Our ap-
proach thus overcomes the implicit orthogonality assumption underlying multi-
dimensional data warehouses.

The transformation function we propose here can only be seen as a first step
and will be elaborated in the future. The simple transformation matrices however
proved themselves surprisingly powerful. We were able to represent several cases
of structural changes with these data (at least approximatively). Changes which
can be covered by our model comprise:

• Changes in the organizational structure of enterprises, of the regional struc-
ture of distribution systems, of product portfolios, etc.

• Changes of Units, like actually the changes from ATS to EURO.
• Changes in the way economic figures like unemployment rate, consumer price

index, etc. are computed.

We also expect that our approach improves the correctness of interpretation of
answers to OLAP queries and relieves the user from the need to have detailed
knowledge about the change history of dimension data. In particular, our ap-
proach provides for multi-period comparisons of facts which currently requires
stability in dimension data.
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[2] M. Blaschka, C. Sapia, and G. Höfling. On Schema Evolution in Multidimensional
Databases. In Proc. of the DaWak99 Conference, Florence, Italy, 1999.
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Abstract. Determining the convex hull of a point set is a basic operation for
many applications of pattern recognition, image processing, statistics, and data
mining. Although the corresponding point sets are often large, the convex hull
operation has not been considered much in a database context, and state-of-the-
art algorithms do not scale well to non main-memory resident data sets. In this
paper, we propose two convex hull algorithms which are based on
multidimensional index structures such as R-trees. One of them traverses the
index depth-first. The other algorithm assigns a priority to each active node
(nodes which are not yet accessed but known to the system), which corresponds
to the maximum distance of the node region to the tentative convex hull. We
show both theoretically as well as experimentally that our algorithms
outperform competitive techniques that do not exploit indexes.

1   Introduction

Multidimensional data sets are prevalent in many modern database applications such
as multimedia [12], CAD [20], medical imaging [24], molecular biology [23], and the
analysis of time sequence data [1]. In these applications complex objects are usually
translated into vectors of a multidimensional space by a feature transformation [31].
The distance between two different feature vectors is a measure for the similarity of
the corresponding objects. Therefore, feature vectors are often used in similarity
search systems [3] where the central task is the search for objects which are most
similar to a given query object. Similarity queries are transformed into neighborhood
queries in the feature space, which can be efficiently supported by multidimensional
index structures. Therefore, multidimensional indexes are often maintained to support
modern database applications.

If the user wants to get a deeper insight into the intrinsic structure of the data stored
in the database, the similarity search is not sufficient. The user will rather want to run
statistical analyses or apply data mining methods such as classification [25],
clustering [29], outlier detection [22], trend detection [11], or the generation of
association rules [2]. Several of the corresponding algorithms use similarity queries as
database primitives, others mainly rely on other basic operations.

The determination of the convex hull is an example of a primitive operation which
is useful for many analysis methods and has successfully been applied in application
domains such as pattern recognition [4], image processing [28] or stock cutting and
allocation [13]. The convex hull of a point set in the plane is defined as the smallest
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convex polygon containing all points. Intuitively, the convex hull is obtained by
spanning a rubber band around the point set. Both, the points touched by the rubber
band as well as the shape of the resulting polygon are called the convex hull of the
data set (cf. fig. 1). In 3 and higher dimensional data spaces, the convex hull is
analogously defined as the minimum convex polyhedron (polytope) of the point set.

We briefly sketch a few applications of the convex hull: The convex hull is an
exact and comprehensive description of the shape of a cluster
of data points and can therefore be used as a postprocessing
step to cluster analysis algorithms [29]. Several clustering
algorithms even use the convex hull in the definition of the
notion of a cluster: E.g. [7] defines a cluster to be a set of
points with minimum diameter of the corresponding convex
hull. The determination of the convex hull becomes thus a
primitive operation for the clustering algorithm. Another
application of the convex hull is the robust estimation [15]. A robust estimator (or
Gastwirth-estimator) is based on the observation that points in the “inner” of a point
set are generally more trustable than the extreme points. Therefore, the points of the
convex hull are removed from the data set as a preprocessing step [19]. A further
application of convex hull is the isotonic regression. Regression methods approximate
point sets by functions from a given class, e.g. linear functions, such that the approxi-
mation error (least square) is minimized. In the isotonic regression, the function class
are monotonic staircase functions. The isotonic regression of a point set can be found
using the convex hull of the points after a transformation. A recent application of the
convex hull is the Onion Technique [9] for linear optimization queries. This method is
based on a theorem that a point which maximizes an arbitrary multidimensional
weightening function can be found on the convex hull of the data set. The authors
improve the search for such maximum points by separately indexing the points of the
convex hull of the data set. Börzsönyi, Kossmann and Stocker propose the Skyline
technique [5] which is a concept similar to the convex hull. The skyline of a dataset
can be used to determine various poitn of a data sets which could optimize an
unknown objective in the user’s intentions. E.g. users of a booking system may search
for hotels which are cheap and close to the beach. The skyline of such a query
contains all possible results regardless how the user weights his criteria beach and
cost. The skyline can be determined in a very similar way as the convex hull. The
algorithms proposed in this paper can also be adapted for the skyline.

Due to the high practical relevance of the convex hull, a large number of
algorithms for determining the convex hull in 2 and higher dimensional space has
been proposed [4, 7, 8, 10, 16, 17, 21, 26, 27, 30]. Most of these algorithms, however,
require the data set to be resident in main memory. In contrast, we will propose two
algorithms to determine the convex hull of a point set stored in a multidimensional
index. In this paper, we focus on the important case of point sets in the plane.

The remainder of this paper is organized as follows: In section 2, we introduce two
algorithms determining the convex hull of a point set in a multidimensional index and
state some important properties of our solutions. Section 3 evaluates our technique
experimentally and section 4 concludes the paper.
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2   Convex Hulls in Large Databases

In this section, we will introduce our two algorithms for the determination of the
convex hull of a large point set which is stored in a multidimensional index. For our
methods, we need hierarchical index structures such as the R-tree [18] or its variants.
Our algorithms, however, do not exploit particular properties of R-trees such as the
fact that the page regions are minimum bounding rectangles. Therefore, our
algorithms are easily adaptable to index structures which use non-bounding rectangles
or other shapes such as spheres or polygons. Basic operations which must be
efficiently supported are the intersection with polylines, and the minimum distance to
polylines and points. We will first concentrate on the distance-priority algorithm and
later introduce the depth-first algorithm. In both cases, we will prove important
properties of the algorithms. We will show that the distance priority algorithm yields
a minimum number of page accesses. For the depth-first algorithm, we will provide
worst-case bounds for the worst case time complexity.

For all algorithms, we apply the following
simplification: Before starting the actual convex hull
algorithm, we search the points which are extreme
(maximum and minimum) in x- and y-direction (cf.
figure 2). These 4 points, called min-x-point, min-y-
point, max-x-point, and max-y-point, are guaranteed to
be included in the convex hull. These points define 4
quadrants in which the convex hull is searched
separately. In our description, we will restrict
ourselves to the part of the convex hull between the min-x-point and the min-y-point.
The advantage is that every line segment of the hull is oriented from upper left to
lower right. Similar properties are valid for the other quadrants.

2.1 The Distance Priority Algorithm

For developing algorithms for query processing upon multidimensional index
structures it is recommendable to determine the conditions under which a page must
be accessed. Figure 3 shows the situations before (upper) and after (lower) the run of
a convex hull algorithm. Initially only the min-x-point and the min-y-point is known.
This knowledge, however, is enough to exclude p5 definitely from processing, because
p5 cannot contain a point on the right of the current convex hull. On the lower side of
figure 3 we recognize that all points of the convex hull are located on the pages p1 and
p2. These pages are obviously necessary for the determination of the convex hull. But
it is also necessary to know the content of page p3 to decide whether the result is
correct, because p3 could contain a point in the shaded area near by the lower left
corner which belongs to the convex hull. The pages p4 and p5, in contrast, are
topologically completely contained in the convex hull polygon and are, therefore, not
able to hold any points which could be part of the convex hull. This observation leads
us to the first lemma:

Lemma 1. A correct convex hull algorithm must access at least the pages which are
topologically not completely contained in the convex hull polygon.



Determining the Convex Hull in Large Multidimensional Databases         297

Proof. If a page which is not completely contained in the convex hull polygon, is not
accessed, this page could store a point which is also not contained in the determined
convex polygon. Then, the determined polygon is not the convex hull. o

With our restriction to the quadrant between the min-x-point and the min-y-point it
is easy to determine the pages which are not completely contained in the convex hull:
The lower left corner of such regions is always left from the convex hull. If the
convex hull is organized by e.g. an AVL-tree, the corresponding line segment can be
found in O(log n) time.

Lemma 1 provides a stopping criterion for CH algorithms on a multidimensional
index: We are done whenever all pages have been processed which are not contained
in the convex hull. Our next lemma will give us the sort order in which the pages
must be accessed. This lemma identifies the distance between the lower left corner of
the page region and the tentative convex hull to be the key information. The tentative
convex hull (TCH) is always the convex hull of all points which have already been
processed. At the beginning, it is initialized with the line segment connecting the min-
x-point and the min-y-point.

Lemma 2. If there is more than one page which is not completely contained in the
TCH it is not possible that the page with the highest distance from the TCH is
excluded by the convex hull.

Proof. To exclude a page p1 from processing requires an unprocessed point v
which has a higher distance from the TCH than the lower left corner of p1. Let p2 be
the page on which the v is stored. Then, the distance between the TCH and the lower
left corner of p2 is at least as high as the distance between v and the TCH. Such a page
cannot exist, because the lower left corner of p1 has maximum distance from the TCH
among all pages. o

Lemma 2 can also be visualized with figure 3. Page p1 is the farthest page from the
TCH. It is not possible that any point on p2, p3, p4, or p5 extends the TCH so much that
p1 will be completely contained. We use the result of lemma 2 for our first algorithm
(cf. figure 3) which manages an active page list (APL) for all pages which are not
excluded by the TCH. The pages are ordered by decreasing distance between the
lower left corner and the TCH. Data pages which are not excluded are basically
processed as in Preparata’s online algorithm [26] by determining all points which are
outside the TCH. Such points are inserted into the TCH in which case it could be
necessary to discard neighboring points from the TCH to remove inconvexities. The
correctness of our algorithm can be guaranteed by showing that at least all points of
the convex hull are passed to the Preparata’s algorithm, which has been shown to be
correct elsewhere [27].

Lemma 3. The algorithm distance_priority_ch is correct.

Proof. As the TCH is always the convex hull of a growing subset of the actual set of
points, no point of the TCH can be left from the actual convex hull. Every page is
processed unless it has been pruned or one of its hierarchical predecessors has been
pruned. If the page has been pruned, then it must have been right from the TCH at
some stage of processing, and, therefore, it must be right from the actual convex hull.
If one of the predecessors has been discarded, the predecessor must be right from the
actual convex hull. If a predecessor is right from the convex hull, the page must also
be right from it, because the region of the page is completely contained in the region
of the predecessor. Thus, each page which is not completely contained in the convex
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hull, is processed. Every point of the convex hull is contained in a page that is not
completely contained in the convex hull. Therefore, every point of the convex hull
plus some additional points from the data set are fed into Preparata’s algorithm.
Therefore, the correctness is guaranteed. o

Now we will discuss the performance of our algorithm from a theoretical point of
view. Our first statement is that our algorithm yields an optimum number of page
accesses when assuming that the index is given.

Lemma 4. The distance priority algorithm yields a minimum number of page
accesses.
Proof. According to lemma 1, all pages must be processed which are not completely
contained in the convex hull. In each step of the algorithm, the page pmin with the
highest distance between the convex hull and the lower left corner of pmin is processed.
According to lemma 2, the convex hull cannot be extended such that pmin is contained
in it. The algorithm accesses exactly the pages which are not completely contained in
the convex hull. o

Finally, we will show that our distance priority algorithm yields a worst-case
complexity of O(n log n) for the CPU-time. This complexity is also the lower bound
for algorithms which are not based on an index.

Lemma 5. The CPU time complexity of distance_priority_ch is in O(n log n).

Proof. In each step of the algorithm, one page of the index is processed. The number
of index pages is linear in the number of stored points. We assume the APL to be
organized in a priority queue, which requires O(log n) time for each inserted or
removed element. The tentative convex hull is organized in an AVL-tree or 2-3-tree
which allows fast access in O(log n) time to the y-coordinates of the stored points.
Therefore, insertions and deletions can be performed in O(log n) time. The decision
whether a new point is left or right from the tentative convex hull can be made in
O(log n) time, because it requires the search of the points in the TCH with the next
higher and the next lower y-candidates. If the point is inserted to the TCH, some
neighboring points may be deleted from the TCH, which requires again O(log n) time
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for each deletion. During the run of the complete algorithm, at most n points can be
inserted and deleted from the TCH. Taking together, both the management of the APL
and the management of the TCH require O(n log n) time during the complete runtime
of the algorithm. o

2.2 The Depth-First Algorithm

Although the distance priority algorithm can
be proven to be optimal with respect of the
number of accessed pages, it does not affect
the worst-case boundaries for the CPU
runtime which are O(n log n) for our
algorithm as well as for known algorithms
which are not database-algorithms. There is a
theoretical result that O(n log n) is also the
lower limit for the worst-case complexity of
the convex hull operation.This limit, however,
is only valid for points which are not stored in
an index. We may wonder whether the existence of a multidimensional index enables
us to improve the worst-case complexity? This would be no contradiction to the
theoretical result, because constructing an index requires O(n log n) time.
Additionally, it is possible to extract the points in the order of ascending x- or y-
coordinates from an index in linear time. The question is, whether all of the worst-
case complexity is subsumed in the operation of index construction, or if there is a
substantial remaining worst-case complexity. It seems intuitively clear that we cannot
do better than O(n), because n is the size of the result set in the worst case. In this
section, we will develop our depth-first algorithm, and we will show that this
algorithm runs in O(n) time in the worst case. The general idea is to process the pages
in a sequence order that corresponds to the sequence order of the points in the convex
hull, starting at the min-x-point and ending at the min-y-point.

Therefore, the points are inserted into and deleted from the tentative convex hull
only at the end, and no points up to the end point is ever accessed. This saves the
O(log n) factor in the management of the tentative convex hull (TCH). The other
O(log n) factor for the management of the active page list is saved by the depth-first
traversal itself. In this context, the most thrilling question is whether or not a sequence
order of pages corresponding to the sequence order of the convex hull exists at all and
whether or not this sequence order is compatible with a depth-first traversal through
the tree. Both questions are not self-evident, because the page regions are objects
yielding a spatial position and extension which makes it difficult to apply any
ordering to them. E.g. points could be uniquely ordered by x- or y-coordinate or by
their angle and distance with respect to some appropriate reference point. Such kinds
of ordering have been successfully applied for traditional convex hull algorithms. For
extended spatial objects, however, the x- and y-projections of different objects
overlap, as well as the corresponding angle does. We will develop in the first two
lemmata a new appropriate ordering for page regions and show that it is compatible
with the sequence order of the convex hull. For these two lemmas, we assume
overlap-free indexes. Note that some index structures allow overlap among sibling
page regions to improve the adaptation to the data distribution in the presence of
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heavy update to the database. For unlimited overlap (i.e. arbitrarily bad indexes),
obviously our method cannot guarantee a general O(n) time complexity in the worst
case. Our lemma gives us a statement to exclude some pages from processing even if
the TCH in this area is not yet known. We still restrict our convex hull to the quadrant
between the min-x-point and the min-y-point. For other quadrants, analogous
properties hold.

Lemma 6. If a page p2 is completely in the sector above and right from another page
p1, this page cannot contain any point of the convex hull.

Proof. The convex hull cannot be left or below from any point which is stored in the
page p1. Therefore, p1 is either completely contained in the convex hull or it is
intersected by it. In our quadrant, all line segments of the convex hull yield a negative
skew. Therefore, the convex hull cannot intersect p2. o

For an illustration of lemma 6, cf. the pages p1 and p2 in figure 4. In any set of non-
overlapping pages, some pages exclude other pages from processing according to
lemma 6. We call those pages which are not excluded the frontpages of the set. We
know for each frontpage p1 that no other frontpage is completely in the sector above
and right (such as p2) or completely in the sector below and left (such as p3) of the
page. In the first case, p2 is excluded by p1. In the second case, p3 would exclude p1

such that p1 cannot be a frontpage.
Definition 1. (Frontpage ordering):
A frontpage p2 is greater than a frontpage p1 (or equal) with respect to frontpage
ordering (p2 �fpo p1) if at least one of the following conditions hold:
� p2 is completely right from p1

� p2 is completely below from p1

� p1 and p2 are identical

Lemma 7. The relation “p2 �fpo p1” for non-overlapping frontpages p1 and p2 is a total
ordering.

We briefly sketch the idea of the proof which is technically complex but not very
interesting. The reflexivity is obvious. The antisymmetry is not given for pages which
yield overlap or which don not fulfill the frontpage property: If, for instance, p1 is
both, above and right from p1, we have p2 �fpo p1 and p1 �fpo p2 which would violate the
antisymmetry. For overlap-free frontpages, in contrast, it follows that p1 is either
above, or right from p2 but not both (in this case, p2 would exclude p1). Similarly, p2 is
either below or left from p1 but not both. In all cases, we cannot have p2 �fpo p1 and
p1 �fpo p2 for two different pages p1 and p2. For the transitivity, a similarly complex
argumentation with many case distinctions is necessary, but viable.

Next, we will prove the most important lemma for our depth-first algorithm which
claims that the frontpage ordering is compatible with the ordering of points in the
convex hull. The consequence is that if we process the pages by ascending frontpage
ordering, we get the points of the convex hull in the right order.

Lemma 8. For two points v1=(x1,y1) and v2=(x2,y2) of the convex hull which are stored
on different pages p1 and p2, the following statements are equivalent:
(1) p2 �fpo p1

(2) x2 � x1

(3) y2 � y1
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Proof. (2) À (3): The equivalence of statement (2) and (3) is an immediate consequence
of the properties of the convex hull and our restriction to the quadrant between the min-x-
point and the min-y-point.

(1) Ã (2): Case (a): p2 is completely right from p1. In this case, all points stored on
p2 have higher x-coordinates than any point stored in p1, and therefore, x2 � x1.

Case (b): p2 is completely below p1. In this case, all points stored on p2 have lower
y-coordinates than any point stored in p1, and therefore, y2 � y1. Due to the equivalence
of statement (2) and (3), we know that x2 � x1.

(2) Ã (1): We know that p2 stores a point with a higher x-coordinate than a point
that is stored in p1. Therefore, p2 cannot be completely left from p1. Due to “(2)À(3)”
we further know that p2 stores a point with a lower y-coordinate than a point that is
stored in p1. So p2 cannot be completely above p1. In order to be overlap-free, p2 must
either be completely right from p1 or completely below. In both cases it follows that
p2 �fpo p1.      o

Last before we are ready to present our depth-first algorithm, we state that the
frontpage ordering is compatible with the depth-first traversal of the tree:
Lemma 9. If p2 �fpo p1 (but not p2 = p1) then also c2,i �fpo c1,i for all child pages c1,i of p1 and
c2,i of p2 which are frontpages.

Proof. Follows from definition 1 and as child pages are contained in the region of
their parent. o

From our set of lemmata it follows that we can traverse the tree in a depth-first
fashion, in each node calling those child nodes which are front pages, ordered by the
frontpage order. If we do so, we find the points of the convex hull in the right order.
This property is exploited in our algorithm depth_first_ch (cf. figure 6). Here, the part
of the algorithm which corresponds to the conventional hull determination (IF
is_data_page...) corresponds to Graham’s scan. The part of the algorithm for the
directory pages first determines those child pages which are frontpages. Then these
pages are ordered according to the frontpage ordering relation and accessed unless
they can be pruned.

This section is concluded by two lemmata stating the correctness and the worst-
case runtime of the algorithm which is proven to be in O(n).

Lemma 10. The algorithm depth_first_ch is correct.
Proof. Analogously to lemma 3, we can show that every point of the convex hull is
passed to the conventional convex hull algorithm. The variant used in our algorithm
requires the points of the convex hull to be passed in the appropriate order, i.e. with
ascending x-coordinates and descending y-coordinates. This is follows from lemmata
8 and 9. o
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Lemma 11. The algorithm depth_first_ch runs in O(n) time in the worst case, if the
data set is stored in an overlap-free multidimensional index.
Proof. In the worst case, each page of the index is accessed once. The number of
pages is linear in n. For each page, only a constant number of operations is raised. The
only exception is the deletion of the last point of the TCH (in constant time) which is
repeated until the convexity of the TCH is maintained. The total number of deletions
during the run of the algorithm, however, is also restricted by n. o

3   Experimental Evaluation

To demonstrate the practical relevance of our technique and the superiority over
competitive approaches we implemented our distance priority algorithm, two variants
of depth-first algorithms, and two related approaches, the scalable variants of
Graham’s scan as well as Preparata’s online algorithm. For efficiency all variants
have been coded in C and tested on HP C160 workstations under HP-UX 10.12. The
data set was stored on a disk with 5 ms seek time, 5 ms rotational delay, and a transfer
rate of 4 MByte per second.

All implementations of our new index-based algorithms operate on bottom-up
constructed X-trees [6]. We implemented two variants of depth-first algorithms. The
first variant processes the child nodes of the current node ordered by the front-page
ordering as described in section 2.2 (in the following called depth-first with FPO). In
the second variant the child nodes are ordered by their maximum distance to the TCH
(depth-first with priority). In contrast to the distance priority algorithm, this algorithm
traverses the index depth-first, i.e. every branch is completed before the next branch
can be started. Therefore, it is not necessary to manage a priority-queue. To be
scalable to non-memory databases, Graham’s scan [16] was implemented using the
mergesort algorithm

For our experiments we used 3 data sets with 4,000,000 data points with different
distribution characteristics. The first dataset contains points which are uniformly
distributed in a unit circle. The points of the second data set are normally distributed
(Gaussian data set). The third set contains uniformly distributed points in the unit
square. All data sets and their convex hulls (for 1,000 points) are depicted in figure 5.
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The characteristics of the convex hull are depicted on the right side of figure 5. The
number of points in the convex hull of the circle data set is fast yet sublinearly
increasing with increasing data set size. In contrast the number of points in the convex
hull of the other data sets is not much influenced by the database size.

In all subsequent experiments, the number of data points varied between 500,000
and 4,000,000. The block size of the index and data files was consistently set to
2 KBytes. Graham’s scan is the only algorithm which needs a page cache for
processing (for the sorting step). We constantly allowed 800 database pages in cache
which is between 5% and 40% of the database.

Figure 7 depicts the results of the experiments on the circle data set. In the left
figure, the number of page accesses of the different algorithms is compared. On the
circle data set, the distance priority algorithm and the two depth-first algorithms
required exactly the same number of page accesses (up to 530). In contrast, Graham’s
scan needs 48,000 page accesses for sorting of the data set. The online algorithm by
Preparata is with 16,000 block accesses also clearly outperformed. The diagram in the
middle shows the CPU times. Here the depth-first variant with frontpage ordering
yields the best performance with 1.1 seconds for 4,000,000 data points. As the circle
data set has many points in the convex hull, the reduced effort for the management of
the TCH (which is a consequence of frontpage ordering because points are only
inserted or deleted at the end of the TCH) results in substantial performance gains.
The depth-first variant needed 4.4 seconds of CPU time or four times as much as
depth-first with FPO. Slightly worse (5.1 sec) due to the management of the priority
queue was the distance priority algorithm. The variants without index, however,
needed with 43 (Preparata) and 110 (Graham) seconds, respectively, a factor of 39
(100) times more CPU power than our best performing algorithm. The right diagram
shows the total time subsuming CPU time and I/O time. As all algorithms are I/O
bound the differences between the index-based algorithms are alleviated. For
4,000,000 data points, the FPO algorithm needed 6.2 seconds, the other depth-first
algorithm needed 9.6 seconds and the distance priority algorithm needed 10.36
seconds. With 200 seconds, the online algorithm was outperformed with factor 32.
The improvement factor over Graham’s scan (580 seconds) was even 94.

The characteristic of the square data set which is depicted in figure 8 is quite
different from the characteristic of the circle data set. The number of points in the
convex hull is with 43 very small. Therefore, the management of the convex hull does
not play an important role and the advantage of frontpage ordering over our other
index-based approaches disappears. For this set, the distance priority algorithm
clearly yields the best number (120) of page accesses. With 650 page accesses, the
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depth-first algorithm is clearly worse than the distance priority algorithm, but still
very good in comparison with the algorithms without index. Ordering child pages by
priority rather than by FPO which is a kind of compromise between the other two
approaches yields a negligible advantage (630 page accesses). As the TCH
management does not play an important role and since processing of each page needs
CPU power, the distance-priority algorithm yields also the best CPU performance.
With respect to the overall time, the distance priority algorithm outperforms the
depth-first variant with priority ordering by a factor 5.1, the depth-first algorithm with
FPO by 5.5, the online algorithm by 130, and Graham’s scan by the factor 420.

These results are also confirmed by
the gaussian data set . The corresponding
experiment (total time only) is shown in
figure 9. With 1.3 sec. (distance priority)
and 1.2 sec (both depth-first algorithms),
respectively, all index based approaches
required about the same time. In contrast,
Preparata’s online algorithm needed 180
seconds, i.e. more than 150 times slower
than our approaches. With 590 seconds,
Graham’s scan is even outperformed by
factor 510. Like in all our experiments, the improvement factors of our new
techniques over competitive techniques was increasing with increasing database sizes.
For instance, the improvement factor over the online algorithm (Gaussian data set)
starts with 25 for 500,000 data points. For 1 million points, the factor increases to 52,
then 89 (2 million points), and finally 150. The analogous sequence for the im-
provement over Graham’s scan is (80, 170, 291, 510).

4   Conclusions

In this paper, we have proposed to use multidimensional index structures for the
determination of the convex hull of a point database. Indexes can be either traversed
depth-first or the access of the next node is controlled by the priority of the node
which corresponds to the maximum distance between the node and the currently
available part of the convex hull. The analytical evaluation of our technique shows
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that the distance priority algorithm is optimal with respect to the number of disk
accesses. The depth-first algorithm, in contrast, has a better (i.e. linear) worst-case
complexity with respect to CPU time. Our experimental evaluation demonstrates the
superiority over approaches storing the point set in flat files. The database
implementation of the most well-known convex hull algorithm, Graham’s scan, is
outperformed by factors up to 510.
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Abstract. In this paper we propose a new “transcurrent execution
model” (TEM) for concurrent user queries against tree indexes. Our
model exploits intra-parallelism of the index scan and dynamically de-
composes each query into a set of disjoint “query patches”. TEM inte-
grates the ideas of prefetching and shared scans in a new framework, suit-
able for dynamic multi-user environments. It supports time constraints
in the scheduling of these patches and introduces the notion of data flow
for achieving a steady progress of all queries. Our experiments demon-
strate that the transcurrent query execution results in high locality of
I/O which in turn translates to performance benefits in terms of query
execution time, buffer hit ratio and disk throughput. These benefits in-
crease as the workload in the warehouse increases and offer a scalable
solution to the I/O problem of data warehouses.

1 Introduction

Tree-based indexes like B-trees, B+-trees, bitmap indexes [16,2] and variations of
R-trees [19,12] are popular in data warehousing environments for storing and/or
indexing massive datasets. In a multiuser environment accessing these indices
has the potential of becoming a significant performance bottleneck. This is be-
cause in an unsynchronized execution model, concurrent queries are “competing”
for the shared system resources like memory buffers and disk bandwidth while
accessing the trees. Scheduling of disk requests and prefetching are well-studied
techniques [8,23,1] exploited by all modern disk controllers to maximize the per-
formance of the disk sub-system. However, optimizing the execution of the I/O
at the physical disk level does not always realize the potential performance ben-
efits. Even-though most commercial systems perform asynchronous I/O, from
the buffer’s perspective the interaction with a query is a synchronous one: the
query thread asks for a page, waits till the buffer manager satisfies the request
and then resumes execution. This leaves the buffer manager with limited op-
portunities for maximizing performance. In most cases, overlapping I/O among
multiple queries is only exploited if it occurs within a small time-space window.
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Recently, data warehousing products introduced the notion of shared circu-
lar scans (e.g. RedBrick). The idea is for a new scan to join (merge) with an
existing scan on the index/table that currently feeds a running query. Obviously
the latter scan will have to access the beginning of the index later. Microsoft’s
SQL server supports “merry-go-round” scans by beginning each index at the cur-
rent position, however there is no explicit synchronization among the queries.
In this paper we capitalize on, extend and formalize the idea of shared index
scans. We propose a new “transcurrent execution model” (TEM) for concurrent
user queries against tree indices, which is based on the notion of detached non-
blocking query patches. This is achieved by immediately processing index pages
that are in memory and detaching execution of disk-resident parts of the query
that we call “patches”. TEM allows uninterrupted query processing while waiting
for I/O. Collaboration among multiple queries is accomplished by synchronizing
the detached patches and exploiting overlapping I/O among them. We use a
circular scan algorithm that dynamically merges detached requests on adjacent
areas of the tree. By doing the synchronization before the buffer manager, we
manage to achieve a near-optimal buffer hit ratio and thus, minimum interaction
with the disk at the first time. Compared against shared circular scans, TEM is
far more dynamic, since merging is achieved for any type of concurrent I/O, not
just for sequential scans of the index.

We further exploit prefetching strategies, by grouping multiple accesses in
a single composite request (analogous to multipage I/Os in [5]) that reduces
communication overhead between the query threads and the buffer manager and
permits advanced synchronization among them. An important difference is that
our composite requests consist of pages that will actually be requested by the
query. On the contrary, typical prefetching techniques retrieve pages that have
high-probability of being accessed in the future, but might be proven irrelevant
to the query. Another contribution of the TEM framework is that we address the
issue of fairness in the execution of the detached patches and introduce the notion
of data flow to achieve a steady flow of data pages to all query threads. This
allows efficient execution of complex query plans that pipeline records retrieved
by the index scans.

The rest of the paper is organized as follows: section 2 discusses the motiva-
tion behind our architecture. In section 3 we provide a detailed description of the
TEM and discuss related implementation and performance issues. In section 4
we define data flow and show how to support time constraints in the scheduling
of the detached query patches. Finally, section 5 contains the experiments and
in section 6 we draw the conclusions.

2 Motivation

Most commercial data warehouses maintain a pool of session-threads that are
being allocated to serve incoming user queries. In a data warehouse environ-
ment, the I/O is read-only and the query threads generate concurrent read page
requests.
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In the database literature there is an abundance of research on buffer allo-
cation and replacement strategies (e.g. [13,4,15]). For tree index structures, a
Domain Separation Algorithm [17] introduced multiple LRU buffer pools, one
for each level of the tree. Similar algorithms are discussed in [21,7,14]. However
in [6] Chou and DeWitt point out that for indices with large fan-out the root is
perhaps the only page worth keeping in memory. In data warehouses, indices are
typically created and refreshed through bulk operations. As a result the trees
tend to be rather packed and shallow and the potential improvements from a
domain separation algorithm are limited.

In a concurrent multi-user environment there is limited potential for improv-
ing the buffering of the leaf-level pages. Given n > 2 concurrent queries on an
100MB index (6,400 16KB pages) and uniform distribution of accesses, the prob-
ability that the same data page is requested by 2 or more queries at any given
time is:

poverlap(n) = 1 − p(1/6400, 0, n) − p(1/6400, 1, n) (1)

where:

p(a, k, n) =
n!

k! ∗ (n − k)!
∗ ak ∗ (1 − a)n−k (2)

is the standard binomial distribution. In Figure 1 we plot poverlap as the number
of concurrent queries increases from 1 up to 10,000. We also plot the same
probability for a more realistic 80-20 access pattern, where 20% of the pages
receive 80% of the requests. These graphs show that for reasonable numbers of
concurrent users, these probabilities are practically zero.

For most cases, where only a small part of the index fits in memory, over-
lapping requests have to occur within a relatively short time-window before the
replacement strategy used flushes “idle” pages to disk. To overcome this limita-
tion, we propose a non-blocking mechanism, in which requests for pages that are
not in memory are detached from the current execution while the query thread
advances its scan. We call this model of execution transcurrent because it de-
taches the processing of the requested I/O and delegates it as a query patch to
an asynchronous service thread. This creates the illusion of a higher number of
concurrent queries and results in increased chances of getting overlapping I/O.



310 Y. Kotidis, Y. Sismanis, and N. Roussopoulos

3 Transcurrent Execution Model (TEM)

In this section we propose an architecture for the TEM. Our goal throughout the
design was to require the least amount of modifications for integration into exist-
ing systems. The architecture introduces a new “Service Thread” (ST) for each
active index, i.e. an index that is accessed by a query. This thread is interjected
between the buffer manager and the query threads as shown in Figure 2.

The ST accepts all read-page requests for its corresponding index. Requests
for pages that are in memory are immediately passed to the buffer manager
and ST acts as a transparent gateway between the query thread and the buffer
manager, as seen in the Figure.1 For pages that are not in the buffer pool their
requests are queued within the ST. The query thread that issued the request can
either block until the page is actually read, or in some cases advance the index
scan. In the later case the processing of the page is detached and performed
internally, as a query patch, by ST when the page is actually fetched from disk.

Our goal is to optimize the execution order of the requests that are queued in
ST in order to achieve higher buffer hit ratio. Assuming that the buffer manager
is using a variant of the LRU replacement policy, an optimal execution strategy
for ST would be to put requests on the same page together, so that subsequent
reads would be serviced immediately from the pool. For that, we use a circu-
lar scan algorithm [8,23] that is frequently used for scheduling I/O at the disk
controller level. By using the same type of algorithm for our synchronization
step, we not only achieve our goal, which is to maximize hit ratio, but we also
generate an I/O stream that is bread-and-butter for a modern disk controller.

3.1 Index Scans for TEM

In an traditional index scan, each page request will block the query thread until
the page is brought in the buffers. In the TEM if the page is not in the buffer
pool, then the request is queued and will be executed at a later time according
to the scheduling algorithm described in the next subsection. We then have the
option to block the query thread, until the page is actually fetched from the disk
or let it scan the rest of the tree.

For indexes that are created using bulk-load operations in a data warehouse,
non-leaf pages occupy a very small fraction of the overall index space. Assuming
relatively frequent queries on the view, most of these pages will be buffered in
memory. As a result there is no evidence in getting any improvement by advanc-
ing the search for non-leaf pages, since in most cases the page will be available
in the buffers anyway and the scan will not be blocked. Therefore, we do not
consider detaching execution of non-leaf page requests and the query thread is
blocked whenever such a request is not immediately satisfied from the buffer pool.
On the contrary, for the leaf (data) pages, because of the asynchronous execution,
1 We assume that the manager provides a bmPageLookUp(pageId) function for deter-

mining whether the requested page is in the buffers.
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the probability that the page is in the pool at the exact time that the request
is made is very small, see Figure 1. Therefore for leaf pages it is faster to de-
tach their requests without checking the buffers with the bmPageLookUp(pageId)
function, otherwise a lot of thread congestion is happening.

3.2 Synchronization of Detached Query Patches

The ST maintains the current position on the file of the last satisfied disk I/O.
Query threads continuously generate new requests, either as a result of a newly
satisfied page request, or because of the non-blocking execution model that allows
the search algorithm to advance, even if some page-reads are pending. Incoming
page requests are split into two distinct sets. The first called “left” contains
requests for pages before the last satisfied page of the index and the set called
“right” (assuming a file scan from left to right) contains requests for pages in-
front of the last page accessed. These are actually multi-sets since we allow
duplicates, i.e multiple requests for the same page by different threads. The next
request to satisfy is the nearest request to the current position from the right set
that is realized as a heap. When the right set gets empty, the current position
is initialized to the smallest request in the left set and the left set becomes
the right set.

An extension that we have implemented but not include in this paper is to
permit pages in the right set, even if they are within some small threshold
on the left of the current position. The intuition is that these pages are likely
to be in the cache of the disk controller. This allows better synchronization of
queries that are slightly “misaligned”. We also experimented with an elevator
algorithm that switches direction when reaching the end/start of the file. To our
surprise this algorithm was much slower than the circular scan algorithm that
we described, probably due to conflicts with the scheduling implemented at the
hardware of our disk controller. We plan to investigate this matter on different
hardware platforms.

3.3 Composite Requests for Increased Overlapping I/O

An opportunity for optimization arrives when processing nodes just above the
leaves of the tree. When such a node is processed we group multiple requests
for leaf pages into a single composite multi-page request. Notice that we do not
want to apply the same technique when accessing intermediate nodes higher in
the tree structure, otherwise the search is reduced to a Breadth First Search
algorithm that requires memory proportional to the width of the index.

Composite requests are more efficient because of the lower overhead required
for the communication between the query-thread and the ST. However, an even
more important side-effect of using composite requests it that the ST is given
more information at every interaction with the query threads and is able to
provide better synchronization. For instance, 10 concurrent single-page requests
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provide at any given point 10 “hints” to the scheduler (ST) on what the future
I/O will be. In comparison composite requests of 100 pages each,2 provide a
hundred times more information at any given point. Looking back at Figure 1
this generates the illusion of having 10 ∗ 100 = 1000 concurrent queries for
which now the probability of overlap is poverlap(1000)

poverlap(10) = 1.0998e−2
1.1e−6 = 9998 times

(i.e four orders of magnitude) higher! Furthermore, due to the non-blocking
execution of the index scan, the query threads are constantly feeding the ST
with more information, resulting in even higher gains. In this sense, even-though
transcurrent query execution and dynamic synchronization can be seen as two
orthogonal optimizations they are very naturally combined with each other.

3.4 Scheduling vs. Cache Management

In our initial designs we thought of exploiting the large number of pending
requested queued in ST for better cache management in a way similar to [22]. We
tested an implementation of a modified LRU policy that avoids replacing pages
that have pending requests on the right set of ST. Even though this resulted
in a slightly higher buffer hit ratio than plain TEM, the gains did not show up
in query execution times because of the per-request overhead of synchronizing
ST’s structures with the buffer manager. Our current implementation is cleaner,
easier to integrate with existing systems and reorders the requests in a way that
is ideal for LRU as shown in Figure 5.

4 Flow Control Extensions

Deferred requests are used in TEM as a mean to identify overlap among con-
current queries. A potential drawback is that a request that is diverted to the
left set (see section 3.2) can be delayed while incoming requests keep pushing
the request flow to the right set. Starvation is not possible, because the current
file position is monotonically increasing up to the point that the last page of the
index is read or the right set is exhausted, or both. However, for queries whose
output is consumed by another thread, like a sub-query in a pipelined execution
model; a delayed delivery of data will block the consuming thread.

In TEM, the ST executes detached leaf page requests while the query thread
QT processes requests for non-leaf pages. Assuming that QT processes PQT

non-leaf pages per second and the ST processes PST leaf pages per second the
aggregate processing for the query is: Poverall = PQT +PST . Since output is only
produced when scanning leaf pages, from the user point of view the effective
progress of his query q that we denote as data flow (DF) is:

DF (q) = PST (3)

Intuitively the larger this number is, the more bursty the output of the query
gets. In the presence of many concurrent queries, a steady data flow for all of
2 the fan out of a 2-dim R-tree with 16KB page size is 819. We assume that one in 8

leaves under a visited level-1 page are relevant to the query
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them can be achieved by bounding the idle time tidle of their leaf page requests.
This idle time is defined as the period between two consecutive satisfied leaf
page requests. The ST maintains a time-stamp information for each query that
is running in the system and uses the index. This time-stamp is updated every
time a leaf-page request is satisfied for the query. The administrator defines
a “hint” for the maximum time W that a detached leaf-request is allowed to
be delayed. Our implementation uses a Flow Control Thread that periodically
checks for expired requests. Assuming that this thread awakes every T time-units
and checks all time-stamps, then a query’s output might block, waiting for a data
page for a period of tidle = W + T and therefore the minimum data flow for the
query will be:

DFlow =
1

W + T
pages/sec (4)

Leaf page requests that have expired are inserted in a priority queue that uses the
delay information for sorting them. As long as the ST finds expired requests in
this queue, it processes them before those in the right set. The number of page
requests in this queue is bounded by the number of concurrent queries in the
system, as we only need at most one expired request per query to lower-bound
the data flow. This prevents the data flow mechanism to become too intrusive if
very small values for W and T are chosen.

5 Experiments

The experiments that we describe in this section use an implementation of TEM
on top of the ADMS [18] database management system. We have used the TPC-D
benchmark [9] for setting up a demonstration database. TPC-D models a busi-
ness data warehouse where the business is buying products from a supplier and
selling them to a customer. The measure attribute is the quantity of products
that are involved in a transaction. We concentrate on an aggregate view for this
dataset that aggregates the quantity measure on these three dimensions.

This view was materialized using a 3-dimensional R-tree stored in a raw
disk device. We did not use regular Unix files in order to disable OS buffering.
The total number of records in the view was 11,997,772 and the overall size
of the R-tree was 183.8MB. The number of distinct values per attribute was
400,000, 300,000 and 20,000 for product, customer and supplier respectively.
All experiments were ran in a single CPU SUN Ultra-60 workstation.

5.1 Comparison of TEM against an Unsynchronized Execution

For the first experiment, we executed between 10 and 200 concurrent random
range queries, each running in a different thread.3 We used three different config-
urations. The first, which is denoted as “CEM” in the graphs, refers to the “con-
ventional” execution model, where all queries are unsynchronized. The second
3 Due to space limitation we omit similar results for skewed workload
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Fig. 3. Total execution time for 10-200 con-
current queries Fig. 4. Buffer hits

configuration used the transcurrent execution model with single page requests
while the last one used composite requests as described in section 3.3. These
configurations are denoted as TEM and TEM+ respectively. The ST maintains
a pre-allocated pool of request objects that are used in the left and right sets.
For the TEM/TEM+ configurations we set the request pool size to be 1MB and
the buffer pool size of ADMS to 15MB. Since CEM does not use the ST, we gave
the extra 1MB worth of memory to the buffer manager and set its pool size to
be 16MB.

Figure 3 depicts the overall execution time for all queries for the three con-
figurations, as the number of concurrent queries increases from 10 to 200. For
relatively light workload (10 concurrent queries), the overall execution time is
reduced by 13.9% in TEM and 16.9% in TEM+. As the number of queries in-
creases, the differences between the three configurations become even more clear.
The effective disk I/O bandwidth, which is computed from the number of page
requests serviced per second was 8.67MB/sec for the CEM and 13.38MB/sec for
the TEM+.

Figure 4 shows the buffer hit ratio as the number of queries increases. Because
of the congested query I/O the unsynchronized execution achieves a very poor
hit ratio. For the TEM+ the hit ratio increases with the number of concurrent
queries and is almost optimal as shown in the Figure.

In Figure 5 we plot the (logical) page requests for 40 queries after they are
reordered by the ST and passed to the buffer manager. The ST dynamically
aligns requests at the right set to exploit spatial locality. These groups are
further stacked as shown in the Figure. This I/O pattern is ideal for the LRU
policy because of its high time-space locality.

5.2 Experiments with Flow Control

For the following experiment, we implemented the flow-control extensions de-
scribed in section 4. This new configuration is denoted as TEM+/FC. We set
the time-out period W to be 1sec and the sampling period of the Flow Con-
trol Thread T to 0.1sec. We then executed 50 concurrent queries and mea-
sured the average idle time for each one of them in the tree configurations
(CEM,TEM+,TEM+/FC). For the CEM this idle time was 1.7sec on the aver-
age for all queries and can be justified from the heavy congestion in the disk for
50 concurrent queries. For TEM+ the average idle time is much higher at 5.8sec



Shared Index Scans for Data Warehouses 315

0

2000

4000

6000

8000

10000

12000
P

ag
e 

#

Time

Fig. 5. Requests made from the ST to the
Buffer Manager (TEM+)
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on the average and 21sec in the worst case. Notice that the total execution time
is much lower for TEM+ : 91.35sec, v.s. 134.96 sec, i.e. 32.3% lower. The reason
that the idle time is higher is because of detached query patches of leaf page
requests that are being delayed in the left set as described in subsection 4. In
Figure 6 we plot the average idle time over all queries along with the computed
standard deviation. This graph shows that not only TEM+/FC provides the
lowest idle time but also has the smallest standard deviation, which means that
it treats all queries fairly.

6 Conclusions

In this paper we argued that conventional index scans and buffering techniques
are inadequate for utilizing modern disk hardware and thus fail to support a
highly concurrent workload against tree indexes. We showed analytically and
through experiments that in an unsynchronized execution, overlapping I/O is
only exploited if it occurs within a small time-window. We then introduced
the transcurrent execution model (TEM) that exploits intra-parallelism of in-
dex scans and dynamically decomposes each query into a set of disjoint query
patches. This allows uninterrupted processing of the index, while the disk is
serving other I/O requests.

Our experiments demonstrate that the transcurrent query execution results
in substantial performance benefits in terms of query execution time, buffer
hit ratio and disk throughput. These benefits increase as the workload in the
warehouse increases and offer a highly scalable solution to the I/O problem
of data warehouses. In addition, TEM can be easily integrated into existing
systems; our implementation of ST using posix-threads showed no measurable
overhead from the synchronization algorithm and data structures, for 2 up to
500 concurrent queries in a single CPU workstation.

References

1. P. Cao, E. W. Felten, A. R. Karlin, and K. Li. Implementation and Performance of
Integrated Application-Controlled File Caching, Prefetching, and Disk Scheduling.
ACM Transactions on Computer Systems, 14(4):311–343, 1996.



316 Y. Kotidis, Y. Sismanis, and N. Roussopoulos

2. C. Y. Chan and Y. Ioannidis. Bitmap Index Design and Evaluation. In Proceedings
of ACM SIGMOD, pages 355–366, Seattle, Washington, USA, June 1998.

3. S. Chaudhuri and U. Dayal. An Overview of Data Warehousing and OLAP Tech-
nology. SIGMOD Record, 26(1), September 1997.

4. C.M. Chen and N. Roussopoulos. Adaptive Database Buffer Allocation Using
Query Feedback. In Procs. of VLDB Conf., Dublin, Ireland, August 1993.

5. J. Cheng, D. Haderle, R. Hedges, B. Iyer, T. Messinger, C. Mohan, and Y. Wang.
An Efficient Hybrid Join Algorithm: A DB2 Prototype. In Proceedings of ICDE,
pages 171–180, Kobe, Japan, April 1991.

6. H. Chou and D. DeWitt. An Evaluation of Buffer Management Strategies for
Relational Database Systems. In Procs. of VLDB, Sweden, August 1985.

7. W. Effelsberg and T. Haerder. Principles of Database Buffer Management. ACM
TODS, 9(4):560–595, 1984.

8. R. Geist and S. Daniel. A Continuum of Disk Scheduling Algorithms. ACM
Transactions on Computer Systems, 5(1):77–92, 1987.

9. J. Gray. The Benchmark Handbook for Database and Transaction Processing
Systems- 2nd edition. Morgan Kaufmann, San Franscisco, 1993.

10. J. Gray, P. Sundaresan, S. Englert, K. Baclawski, and P. Weiberger. Quickly
Generating Billion-Record Synthetic Databases. In Proc. of the ACM SIGMOD,
pages 243–252, Minneapolis, May 1994.

11. A. Guttman. R-Trees: A Dynamic Index Structure for Spatial Searching. In
Proceedings of the ACM SIGMOD, Boston, MA, June 1984.

12. Y. Kotidis and N. Roussopoulos. An Alternative Storage Organization for ROLAP
Aggregate Views Based on Cubetrees. In Proceedings of ACM SIGMOD, pages
249–258, Seattle, Washington, June 1998.

13. R. T. Ng, C. Faloutsos, and T. Sellis. Flexible Buffer Allocation Based on Marginal
Gains. In Procs. of ACM SIGMOD, pages 387–396, Denver, Colorado, May 1991.

14. C. Nyberg. Disk Scheduling and Cache Replacement for a Database Machine.
Master’s thesis, UC Berkeley, July 1984.

15. E. J. O’Neil, P. E. O’Neil, and G. Weikum. The LRU-K Page Replacement Algo-
rithm for Database Disk Buffering. In Proceedings of ACM SIGMOD Intl. Conf.
on Management of Data, pages 297–306, Washington D.C., May 26–28 1993.

16. P. O’Neil and D. Quass. Improved Query Performance with Variant Indexes. In
Proceedings of ACM SIGMOD, Tucson, Arizona, May 1997.

17. A. Reiter. A Study of Buffer Management Policies for Data Management Systems.
Technical Report TR-1619, University of Wisconsin-Madison, 1976.

18. N. Roussopoulos and H. Kang. Principles and Techniques in the Design of
ADMS±. IEEE Computer, 19(12):19–25, December 1986.

19. N. Roussopoulos, Y. Kotidis, and M. Roussopoulos. Cubetree: Organization of and
Bulk Incremental Updates on the Data Cube. In Proceedings of ACM SIGMOD,
pages 89–99, Tucson, Arizona, May 1997.

20. N. Roussopoulos and D. Leifker. Direct Spatial Search on Pictorial Databases
Using Packed R-trees. In Procs. of ACM SIGMOD, pages 17–31, Austin, 1985.

21. G. M. Sacco. Index Access with a Finite Buffer. In Proceedings of 13th International
Conference on VLDB, pages 301–309, Brighton, England, September 1987.

22. A. Shoshani, L.M. Bernardo, H. Nordberg, D. Rotem, and A. Sim. Multidimen-
sional Indexing and Query Coordination for Tertiary Storage Management. In
Proceedings of SSDBM, pages 214–225, Cleveland, Ohio, July 1999.

23. B. L. Worthington, G. R. Ganger, and Y. N. Patt. Scheduling Algorithms for
Modern Disk Drives. In SIGMETRICS, Santa Clara, CA, May 1994.



Adaptable Similarity Search Using Vector Quantization

Christian Böhm, Hans-Peter Kriegel, and Thomas Seidl

University of Munich, Oettingenstr. 67, D-80538 Munich, Germany
{boehm,kriegel,seidl}@informatik.uni-muenchen.de

Abstract. Adaptable similarity queries based on quadratic form distance
functions are widely popular in data mining applications, particularly for do-
mains such as multimedia, CAD, molecular biology or medical image data-
bases. Recently it has been recognized that quantization of feature vectors can
substantially improve query processing for Euclidean distance functions, as
demonstrated by the scan-based VA-file and the index structure IQ-tree. In
this paper, we address the problem that determining quadratic form distances
between quantized vectors is difficult and computationally expensive. Our
solution provides a variety of new approximation techniques for quantized
vectors which are combined by an extended multistep query processing archi-
tecture. In our analysis section we show that the filter steps complement each
other. Consequently, it is useful to apply our filters in combination. We show
the superiority of our approach over other architectures and over competitive
query processing methods. In our experimental evaluation, the sequential
scan is outperformed by a factor of 2.3. Compared to the X-tree, on 64 dimen-
sional color histogram data, we measured an improvement factor of 5.6.

1.  Introduction
Similarity search in large databases has gained much attention during the last years. A successful
approach is provided by feature-based similarity models where appropriate properties of the ob-
jects are mapped to vectors of a usually high-dimensional space. The similarity of objects is
defined in terms of their distance in the feature space. In addition to the Euclidean distance func-
tion which is a very simple but inflexible similarity measure, quadratic forms often provide more
appropriate similarity models. Given a positive definite so-called similarity matrix A, the distance
of two vectors p and q is defined to be

.

As the locus of all points p having a distance  is an ellipsoid centered around
q, the quadratic form-based queries are called ellipsoid queries [12].Quadratic form distance func-
tions have been successfully employed for a variety of similarity models in different domains. Ex-
amples include the color histogram model for color images in IBM’s Query By Image Content
(QBIC) system [7, 8], histogram and non-histogram distances for images [13], the shape similarity
model for 3D surface segments in a biomolecular database [10], a 2D shape similarity model for
clip arts [3], a 3D shape histogram model for proteins [2], or a relevance feedback system [9].

It has been widely recognized that in many application domains, there is not simply one valid
measure for the similarity of objects. Instead, the notion of similarity changes with the user’s focus
of search. This observation has led to the need of user-adaptable similarity models where the user
may adapt the similarity distance function to changing application requirements or even personal
preferences. As an example, the color histogram approach was extended to become user-adaptable
[12]. The query system of [9] based on relevance feedback through multiple examples relies on
iterated modifications of the query matrix thus approaching the ‘hidden’ distance function in the
user’s mind.

For an efficient query evaluation, feature vectors are often managed in a multidimensional in-
dex. Various index structures have been proposed for this purpose [11, 14, 6]. Due to a bunch of
problems usually called the ’curse of dimensionality’, even specialized index structures deteriorate
with increasing dimension of the feature space. It has been shown [15] that in many situations,
depending on parameters such as the dimension, the data distribution and the number of objects
in the database, indexes often fail to outperform simpler evaluation methods based on the sequen-

distA p q,( ) p q–( ) A p q–( )T⋅ ⋅=

distA p q,( ) ε≤
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tial scan of the set of feature vectors. The solution proposed by Weber, Schek and Blott is therefore
an improvement of the sequential scan by quantizing the feature vectors, called VA-file [15]. The
general idea of the VA-file is to store the features not with the full precision of e.g. 32 bit floating
point values but to use a reduced number of bits. For this purpose an irregular, quantile based grid
is laid over the data space. Following the paradigm of multistep query processing, candidates pro-
duced by this filter step are exactly evaluated by a subsequent refinement step. The gain of the
lossy data compression is a reduced time to load the feature vectors from secondary storage. Que-
ries using Euclidean distance metric can be accelerated by factors up to 6.0 with this technique, if
the search is I/O bound.

While the VA-file is an excellent choice for Euclidean and weighted Euclidean distance metric,
several problems come up when the similarity measure is a quadratic form distance function. First,
the scan based processing of ellipsoid queries is typically CPU bound, because the determination
of the distance function has quadratic time complexity with respect to the dimension of the feature
space. Therefore, a pure acceleration of the I/O time will hardly improve the answer time. A sec-
ond problem is that it is generally difficult to determine the distance between the query point and
the grid approximation of the feature vector if the distance measure is a general (i.e. not iso-ori-
ented) ellipsoid. The reason is that the intersection point between the ellipsoid and the approxima-
tion cell can only be determined by expensive numerical methods.

Our solution to these problems is a series of three filter steps with increasing evaluation cost
and decreasing number of produced candidates. These filter steps approximate both, the query el-
lipsoid and the grid cells at different levels of accuracy. Our first filter step performs a new kind
of approximation of the query ellipsoid, the approximation by an axis-parallel ellipsoid. As it cor-
responds to a weighted euclidean distance calculation, this approximation can be evaluated very
efficiently for vector approximations. Unfortunately the selectivity of this filter step is for some
query ellipsoids not good enough as desired. The selectivity can be improved by large factors,
however, if the first filter is followed by a novel technique approximating the grid cells. This tech-
nique determines the distance between the query point and the center of the grid cell, additionally
considering a maximum approximation error. The maximum approximation error represents the
maximum (ellipsoid) distance between the center point of the grid cell and its most distant corner
point. This will be our last filter step. As the determination of the maximum approximation error
has quadratic time complexity, we propose as an intermediate filter step another conservative ap-
proximation of the maximum approximation error which can be determined in linear time.

The benefits of our technique are not limited to the extension of the VA-file approach. Our filter
steps can always be applied when ellipsoid distances to rectilinear rectangles have to be efficiently
estimated. For instance, the page regions of most index structures are rectangular. Therefore, pro-
cessing the directory pages of a multidimensional index structure can be improved by our tech-
nique. Recently, the idea of vector approximation of grid cells was also applied to index based
query processing in the so-called IQ-tree [4]. Our multi-step query processing architecture enables
efficient processing of ellipsoid queries in the IQ-tree. As one concrete example, however, we put
our focus in this paper to processing of adaptable similarity queries by the VA-file. Out of the focus
of this paper is dimensionality reduction [7, 12]. Reduction techniques based on the principal com-
ponents analysis, fourier transformation or similar methods can be applied to our technique and
all competitive techniques as a preprocessing step.

The rest of this paper is organized as follows: In section 2 (related work) we introduce various
techniques for evaluating ellipsoid queries and the vector quantization. In section 3 we describe
our novel techniques for approximating grid cells by minimum bounding ellipsoids in quadratic
time, our linear approximation of the minimum bounding ellipsoid and our new approximation of
the query ellipsoid by an iso-oriented ellipsoid. Section 4 is dedicated to the filter architecture.
Here, we demonstrate in what situation what filter has particular strengths and how our three filters
complement each other. Thus, it is useful to combine our three proposed filters, and each of the
filters yields additional performance gains. The most efficient order of filter steps is also deter-
mined. Finally, we perform a comprehensive experimental evaluation in section 5.

2.  Related Work
The evaluation of ellipsoid queries requires quadratic time in the data and directory nodes of the
index. In order to reduce this effort, approximation techniques for ellipsoid queries have been
developed that have a linear complexity thus supporting linear filter steps [1]. Conservative ap-
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proximations of query ellipsoids such as the minimum bounding sphere, the minimum bounding
box or the intersection of both guarantee no false dismissals for range queries. As a more general
concept, equivalent lower-bounding distance functions were presented that guarantee no false
dismissals for (k-)nearest neighbor queries in addition to similarity range queries.

Sphere Approximation. The greatest lower-bounding sphere distance function  of
an ellipsoid is a scaled Euclidean distance function defined as follows. Let A be a similarity matrix,
and  be the minimum eigenvalue of the matrix A, then

.

In [1], it is shown that the function dglbs(A) is the greatest scaled Euclidean distance function
that lower bounds the ellipsoid distance function dA, i.e. for all :

.

Note particularly that dglbs(A) is well-defined since the eigenvalues of the positive definite simi-
larity matrix are positive.
In addition to the minimum bounding sphere, also the minimum bounding box approximation has
been generalized to an equivalent distance function:

Box Approximation. The greatest lower-bounding box distance function dglbb(A) of an ellip-
soid is a weighted maximum distance function. For any similarity matrix A, the inverse A–1 exists,
and we define:

The function dglbb(A) is the greatest weighted maximum distance function that lower bounds the
ellipsoid distance function dA, i.e. for all :

Vector Quantization. The general idea of the VA-file [15] is to store the components of the
feature vectors not with full (e.g. 32 bit) precision, but with a reduced precision of e.g. 5-6 bits. For
this purpose, the data space is partitioned by an irregular grid which is determined according to
the quantiles of the components of the feature vectors. Instead of the exact position of each point
in the database, only the grid cell is stored in the VA-file. Scanning the reduced VA-file instead of
the file containing the full precision data saves I/O time proportional to the compression rate. If a
cell is partially intersected by the query region, it cannot be decided whether the point is in the
result set or not. In this case, an expensive lookup to the file containing the full precision point data
is due. Therefore, this approach corresponds to the paradigm of multistep query processing where
the distance to the grid cell is a lower bound of the distance to the point. For Euclidean distance
measures, the distance to a given cell can be determined very efficiently by precomputing the
squared distances between the query point and the quantiles. Therefore, such a distance calculation
can even be slightly cheaper than determining the distance between two points.

Recently, the idea of vector quantization was adopted to index based query processing. In the
IQ tree [4] a separate regular grid is laid over each page region. Each data page has two represen-
tations: one containing the compressed (quantized) representation of the data points and the sec-
ond containing the points in full precision. The optimal precision for the compressed data page as
well as an optimal page schedule using a “fast index scan” operation are determined according to
a cost model [5].

3.  Ellipsoid Queries on Quantized Vectors
Compared to axis-parallel ellipsoids and
spheres, it is much more difficult to determine
whether a general ellipsoid intersects a rectan-
gle. The reason for this difference is depicted
in figure 1: For the axis-parallel ellipsoid, the
closest point to the center of the ellipsoid can
be easily determined by projecting the center
point. In contrast, the general ellipsoid may in-

dglbs A( )

wmin
2

dglbs A( ) p q,( ) wmin p q–⋅=

p q, ℜd∈
dglbs A( ) p q,( ) dA p q,( )≤

dglbb A( ) p q,( ) max
pi qi–

A 1–( )i i
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⎩ ⎭
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=
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dglbb A( ) p q,( ) dA p q,( )≤

Fig. 1. Distance determination of axis-paral-
lel and general ellipsoids to a rectangle
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tersect the rectangle at its upper right corner although the center of the ellipsoid is underneath the
lower boundary of the rectangle. This is impossible for unskewed ellipsoids and this property
facilitates distance determination for Euclidean and weighted Euclidean metric. 

The exact ellipsoid distance between a point and a rectangle can therefore only be determined
by a time consuming numerical method [12], which is not suitable as a filter step. An approxima-
tion of the exact distance is needed which fulfills the lower bounding property. Our idea for this
filter step is not to approximate the query (which is done in another filter step) but to approximate
the rectangle. Unfortunately, the most common approximation by minimum bounding spheres
suffers from the same problem as the rectangle itself: It is numerically difficult to determine the
ellipsoid distance between the query point and the sphere. A suitable approximation, however, is
an ellipsoid which has the same shape as the query ellipsoid, i.e. the same lengths and directions
of the principal axes. We will show in the following that this approximation can be determined
with low effort and that it can be used to define a lower bounding of the exact ellipsoid distance.

3.1 The Minimum Bounding Ellipsoid Approximation (MBE)
We want to determine the minimum ellipsoid enclosing a given rectangle R
which is geometrically similar to the query ellipsoid. Due to the convexity
of an ellipsoid, the rectangle is contained in the ellipsoid if all of its corners
are contained. But we cannot investigate all 2d corners of the rectangle to
determine the minimum bounding ellipsoid. We need to determine the cor-
ner of the rectangle with maximum (ellipsoid) distance from the center of
the rectangle. The following lemma will show that it is the corner which is
closest to the eigenvector corresponding to the largest eigenvalue. 

Lemma 1.  A rectangle is contained in an ellipsoid with the same center iff the corner
which is closest to the eigenvector corresponding to the largest eigenvalue is contained
in the ellipsoid.

Proof. Let  with ,  be the diagonalization of A
where Vi denotes the eigenvector corresponding to the eigenvalue wi

2, and let c be any of the cor-
ners of a rectangle centered at the origin. To compute the ellipsoid distance of the corner c to the
origin 0, consider the following transformation:  =  =

 = . These terms are quadratic forms for the matrices A,
 and Id applied to the vectors c, cV and cVW, respectively, i.e.  =  =

 =  = .
Due to the orthogonality of V, all the original corner points c and transformed corners cV have

the same Euclidean distance  =  to the origin. Only after the iso-oriented weighting by W,
i.e. stretching the axis ei by the weight wi, the lengths  differ. Let emax be the axis corre-
sponding to the maximum weight wmax = max {wi}. The maximum value of  is obtained
for the corner cV that is closest to the axis emax, i.e. the angle between cV and emax is minimal:

Proof. At all, the corner cmax having the maximal distance value  is the corner that
is closest to vmax, i.e. the eigenvector corresponding to the maximal eigenvalue. ❏

The corner closest to the largest eigenvector can be determined in linear time by considering
the sign of each component of the eigenvector: If the sign is positive, we take the upper boundary
of the rectangle in this dimension, otherwise the lower boundary. If a component is 0, it makes no
difference whether we take the lower or upper boundary because both corners yield equal distance:

Algorithm A1:
closest (e: vector [d], l: vector [d], u: vector[d]): vector[d]

for i:=1 to d do
if e[i] >= 0 then closest[i] := (u[i] - l[i])/2 ;

else closest[i] := (l[i] - u[i])/2 ;
If c is the closest corner determined by algorithm A1, the distance dMBE is the maximum ellipsoid
distance between the center of the grid cell and an arbitrary point in the cell where dMBE is given:

Fig. 2. Minimum
bounding ellipsoid 

vmax
c

A VW2VT= VVT Id= W2 diag wi
2( )=

c A cT⋅ ⋅ c VW2VT cT⋅ ⋅
cV( ) W2 cV( )T⋅ ⋅ cVW( ) cVW( )T⋅

W2 dA c 0,( ) dVW2VT c 0,( )
dW2 cV 0,( ) dId cVW 0,( ) cVW

c cV
cVW

cVW

angle cV emax,( )
cV emax⋅

cV emax⋅
----------------------------acos

c vmax⋅
c

------------------acos= =

dA cmax 0,( )

dMBE c A cT⋅ ⋅=
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For the distance between an arbitrary point p in the cell with center point pc and the query point
q, the following inequality holds:

This is simply a consequence of the triangle inequality which is valid for ellipsoid distances. The
computation of dMBE has a quadratic time complexity, because the multiplication of the matrix
and a vector is quadratic. In the next section, we will develop an additional approximation which
is an upper bound of dMBE. Given a query object and a database object, these approximations can
be evaluated in time linear in the number of dimensions.

3.2 The Rhomboidal Ellipsoid Approximation (RE)
The computation of the approximated distance 
is quadratic in the number of the dimensions. This is already much
better than determining the exact distance between query point and
approximation cell which can only be done by expensive numerical
methods. In order to further reduce the computational effort, we de-
velop in this section an additional filtering step which is linear in the
number of dimensions. It would be possible to avoid the computa-
tion of dMBE for each item stored in the VA-file, if we would deter-
mine dMBE,max i.e. the ellipsoid approximation of the largest cell
stored in the VA-file. Unfortunately, the sizes of the grid cells vary
extremely for real data sets due to the quantile concept. Therefore,
dMBE,max is a bad approximation of most of the grid cells. The size
of an individual cell must be considered in a suitable way. 

Our way to consider the cell size is based on the sum of the side lengths of the cell. This sum
can obviously be determined in O(d) time. The idea is to determine in a preprocessing step an el-
lipsoid which contains all cells having a standardized sum of the side lengths. If the actual sum of
the side lengths of a grid cell is larger or smaller than this standardized value, the ellipsoid is scaled,
which is an operation of constant time complexity.

As depicted in figure 3 the hull of all rectangles having a sum s = Σi = 1…d si of the extensions
si of s forms a rhomboid with diameter s or “radius” s/2. The corners of the rhomboid are the unit
vectors, each multiplied with +s/2 and -s/2, respectively. Due to convexity and symmetry, the min-
imum bounding ellipsoid of the rhomboid touches at least two of the corners, which are on oppo-
site sides with respect to the origin.

This observation leads to the following lemma:

Lemma 2.  For a similarity matrix A = [aij], the minimum bounding ellipsoid over all
cells that have a sum s = Σi = 1…d si of extensions has a distance value of

Proof. The minimum bounding ellipsoid touches the rhomboid at the corners. Due to symme-
try, we can restrict ourselves to the positive unit vectors scaled by , i.e. , .
The rhombus is touched at the unit vector which has the largest ellipsoid distance from the center,
because all other corners must not be outside of the ellipsoid, and this distance equals to dRE(s).
Proof. The ellipsoid distance between the i-th unit vector ei and the origin 0 is  =

 = , and the maximum over the dimensions  is the square root of the
maximal diagonal element of A, i.e.  = . Scaling by  is com-
mutative with dA and with the maximum operator and, hence, the proposition holds. ❏

With lemma 2, we can estimate the maximum distance between a point approximated by a grid
cell and the center of the grid cell. In contrast to the distance dMBE introduced in section 3.1 this
bound can be determined in linear time. It is an upper bound of dMBE, as can be shown as follows :

Lemma 3. dRE(s) is an upper bound of dMBE.

Proof. Let Rh(s) be the locus of all points p where Σi = 1…d |pi| ≤ s/2. By lemma 2, we know
that for each point the ellipsoid distance to the origin  is at most dRE(s). Let
C(s) be an arbitrary grid cell centered at the origin having a side sum of s. For every point

dA p q,( ) dA pc q,( ) dMBE–≥

Fig. 3. Rhomb. ellips. app.

dA pc q,( ) dMBE–

dRE s( )
s
2
--- max aii i 1…d=,{ }⋅=

s 2⁄ ei s 2⁄⋅ i 1…d=

dA ei 0,( )
ei A ei

T⋅ ⋅ aii i 1…d=
max dA ei 0,( ){ } max aii{ } s 2⁄

p Rh s( )∈ dA p o,( )
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 we know that Σi = 1…d |qi| ≤ s/2. It follows that . As dMBE is the
maximum ellipsoid distance of all points , we have

❏

Since the rhomboidal ellipsoid approximation is less exact than the minimum bounding ellip-
soid approximation, it is likely to yield a worse filter selectivity (i.e. a higher number of candi-
dates). However, it can be determined by far faster. We will see in section 4 that the determination
of the rhomboidal ellipsoid approximation causes almost no extra cost compared to the MBE ap-
proximation, but avoids many expensive evaluations of the MBE approximation. Therefore, it is
intended to apply the combination of these two filters.

3.3 Axis-Parallel Ellipsoid Approximation
In this section, we propose an additional filtering step which now approximates the query ellip-
soid, not the grid cells. In the next section, we will show that it is beneficial to approximate both,
queries and grid cells in separate filtering steps, because the two different approximation tech-
niques exclude quite different false hits from processing, and, therefore, the combination of both
methods yields a much better selectivity than either of the methods alone. We again propose an
approximation technique which is particularly well suited for grid based quantization. In the VA-
file (as well as in the IQ-tree and any grid based method) the computation of weighted Euclidean
distances is very simple. Basically, it makes no difference whether to determine a weighted or an
unweightet Euclidean distance. Therefore, we approximate the general query ellipsoid by the
minimum axis-parallel ellipsoid that contains the query ellipsoid. 

The axis parallel ellipsoid is constructed in two steps. In the first step, the ratio of the side
lengths of the ellipsoid is determined. It corresponds to the ratio of the side lengths of the minimum
bounding rectangle of the ellipsoid. In the second step, the axis-parallel ellipsoid is scaled such
that it is a minimum bound of the original query ellipsoid. This is done by scaling both the original
and the axis-parallel ellipsoid non-uniformly such that the axis-parallel ellipsoid becomes a
sphere. The matrix corresponding to the scaled original query ellipsoid is then diagonalized to de-
termine the smallest eigenvalue wmin. This eigenvalue corresponds to the factor by which the axis-
parallel ellipsoid must be (uniformly) scaled such that it minimally bounds the original query el-
lipsoid. The process of constructing the minimum bounding axis-parallel ellipsoid is shown in
figure 4.

Lemma 4. Among all axis-parallel ellipsoids our solution is a minimum bounding ap-
proximation of the query ellipsoid.
Proof. Follows immediately from the construction process. ❏

4.  Analysis of the Filter Architecture
In this section, we will develop a filter architecture for adaptable similarity queries which is ad-
justed to the VA-file and other grid-based quantization methods and which optimizes query pro-
cessing based on vector quantization. We have proposed three new approximation techniques for
this purpose in section 3, the minimum bounding ellipsoid approximation, the rhomboidal ellip-
soid approximation, and the minimum bounding axis-parallel ellipsoid. The first and second tech-
nique approximates the quantization cells by ellipsoids. The shape of these approximating ellip-
soids is defined by the similarity matrix A. In contrast, the third technique approximates the query
ellipsoid by an axis-parallel ellipsoid which corresponds to a weighted euclidean distance calcu-
lation. We are now going to discuss the various approximation techniques according to their most
relevant parameters, computational effort and filter selectivity.

q C s( )∈ dA q o,( ) dRE s( )≤
q C s( )∈

dMBE max dA q o,( ) q C s( )∈,{ } dRE s( )≤=

(a) original query ellipsoid (b) min. bound. rectangle (c) ratio of side lengths (d) scaled axis-parallel ellipsoid

Fig. 4. Construction of the minimum axis-parallel ellipsoid for a given general ellipsoid
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4.1 Basic Approximations
The axis-parallel approximation of the query ellipsoid requires the determination of the smallest
eigenvalue which is done in a preprocessing step when reading the similarity matrix for the query.
Although this operation has a bad time complexity, preprocessing operations are still considered
to be negligible as we generally assume . Once the smallest eigenvalue is determined, we
have only a linear effort O(d) per considered object. As discussed in section 2, the VA-file allows
a particularly efficient determination of the weighted Euclidean distance between the query point
and the approximation cell, because the squared differences between the quantiles and the query
point can also be precomputed outside the main loop iterating over all objects. Therefore, d addi-
tions are the only floating point operations performed per object. To assess the selectivity of this
filter step, refer to figure 5. Here, we distinguish between queries which are more or less axis-
parallel. The left side of figure 5 shows an ellipsoid which is very well approximable. In contrast,
the right side presents an ellipsoid with an angle close to 45°. The axis-parallel approximations are
also depicted. Underlaid in gray is the volume which represents the approximation overhead.
Objects from this area are candidates produced by the filter step, however, they are no hits of the
similarity query. The smaller the gray overhead volume, i.e. the more axis-parallel the original
query ellipsoid, the better is the filter selectivity. Assuming a uniform distribution of points in the
data space, we would have a few percent overhead for the left query ellipsoid, but several hundred
percent overhead for the right query ellipsoid. For less axis-parallel original ellipsoids, the filter
selectivity is not sufficient.

The MBE approximation of the grid cells requires the highest CPU time of all considered fil-
ters. To determine whether a grid cell contains a candidate point or not, two ellipsoid distance com-
putations must be performed: First, the distance between the point and the center of the cell and
second, the distance between the center of the cell and the corner closest to the “largest” eigenvec-
tor have to be computed. To assess the selectivity of this filter, we apply a problem transformation.
For our analysis, we assume that all grid cells have identical shapes and, therefore, the minimum
bounding ellipsoids are all identical. This allows us to transform the problem in such a way that
we add the range of the MBE to the range of the query, as depicted in figure 6: In the left part, the
cell is a candidate if the query ellipsoid intersects the MBE approximation of the cell. In the right
part, we have transformed the query ellipsoid into a larger ellipsoid, where the range is the sum of
the two ranges of the query and the MBE. The cell is a candidate whenever the center of the cell
is contained in the enlarged ellipsoid. This concept of transformation is called Minkowski sum [5].
Again, in the right part of figure 6, the approximation overhead is marked in gray. Using this ap-
proximation, the overhead heavily depends on the size of the MBE approximation.

The RE approximation of the grid cells is very similar in both, computation time and selectivity.
In contrast to the MBE approximation, this techniques requires only one distance calculation: The
distance between the query point and the center of the grid cell. That means, one application of
this filter step causes about half the expenses compared to one application of the MBE filter, as-
suming that all other cost are negligible. For this technique, we have a similar selectivity assess-
ment as for the MBE approximation depicted in figure 6. The only difference is that the ellipsoid
approximating the cell is not minimal. Therefore, also the Minkowski sum and the implied ap-
proximation overhead are larger than the MBE overhead in figure 6. 

Last but not least, we have to consider the cost of the refinement step. The computational cost
is limited to a single ellipsoid distance computation, which is even less expensive than an appli-
cation of the MBE filter and comparable to the cost of the RE filter. In contrast to all described
filter steps, the refinement step works on the exact coordinates of the data point and not on the grid
approximation. Therefore, the point must be loaded from background storage which usually caus-
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es one costly seek operation on the disk drive. The refinement step is the most expensive step un-
less the distance calculation cost exceed the cost for a random disk access. Table 1 summarizes
the results of this section.

4.2 Combined Approximations
In this section, we show that the combined ap-
plication of the developed filters is useful and
results in systematic performance advantages
compared to the application of a single filter.
First we consider the combined application of
the MBE filter and the rhomboidal ellipsoid
filter. We first show that the combined appli-
cation of MBE and RE does not cause any
considerable extra cost compared to the appli-
cation of the MBE filter alone. The applica-
tion of the MBE filter requires the distance
calculation between the query point and the
center of the cell, and the distance calculation between the cell center and a cell corner. The RE
filter requires the distance calculation between the query point and the center of the cell only. All
other cost are negligible. If we first apply the RE filter and then the MBE filter, the MBE filter may
reuse the distance evaluated by the RE filter. The combined application performs one distance
calculation for all points and a second calculation for those points which are not excluded by the
RE filter. Whether the filter combination is more efficient than the application of the MBE filter
alone depends on the selectivity of the two filters. We know that the MBE filter is at least as
selective as the RE filter. However, if the MBE filter does not save additional I/O accesses com-
pared to the RE filter, the additional distance calculations lead to a performance deterioration.
Since I/O accesses are usually much more expensive than distance calculations, the breakeven
point can be reached when the MBE filter is only slightly more selective than the RE filter. Our
experimental evaluation will show, that the selectivity of the MBE filter is significantly better. It
is beneficial to apply the RE filter first and then the MBE filter, because the cost of the RE filter
are lower.

Next we are going to show that it is beneficial to combine the axis-parallel approximation and
the MBE approximation. In figure 8, we can compare the selectivities of the two filters. In contrast
to the previously described combination, the filters are not lower bounds of each other, but access
rather different parts of the data space. The area of the main overhead of the axis-parallel approx-
imation is where the query ellipsoid is narrow (depicted on the left side of fig. 8). The MBE ap-
proximation, however, yields most of its overhead at the front and the bottom of the ellipsoid,
where the axis-parallel approximation yields no overhead at all. Therefore, the combined filter
yields a dramatically improved selectivity compared to the axis-parallel approximation as well as
compared to the MBE filter, as depicted in the rightmost illustration in figure 8. As the axis-parallel
approximation is by far cheaper than the MBE filter, it is natural to apply the axis-parallel approx-
imation first. For the order of these filters, we consider the cost of the filter step per evaluated point:

Caxis-par << CRE << CMBE << Cexact.
Therefore, we apply the axis-parallel approximation as the first filter step. The second filter step
is the RE filter. The MBE approximation is the third filter followed by the refinement step.

5.  Experimental Evaluation
To evaluate our filter techniques experimentally, we have implemented a VA-file extension with
our four-step query processing architecture. Our implementation in C was tested on a HP C-160

Table 1: Cost and selectivity of filters 

Technique Cost Selectivity

axis parallel 
ellip. approx.

O(d) low 

MBE approx. 2 ⋅ O(d2) fair

rhomb. ell. ap. 1 ⋅ O(d2) medium

exact distance
1 ⋅ O(d2) + 1 
random I/O

exact

Query hits

Candidates of MBE

Candidates of RE

Fig. 7. Combination of RE and MBE filters Fig. 8. Combined axis-parallel and MBE filter

Candidates of axis-parallel

Candidates of Combination

Candidates of MBE
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workstation under the HPUX operating system. Both, vector quantizations and exact point data
were stored on the same disk drive with an average seek time of 8 ms and a transfer rate of
4 MByte/s for continuous data transfer. The vector approximations were scanned in large blocks
of 1 MByte to minimize the influence of rotational delays or disk arm repositionings between
subsequent I/O requests.

Our reference application is a similarity search system for color images which allows a user-
adaptable specification of the similarity measure based on color histograms [12]. Our data set con-
tains 112,363 color images, each represented by a 64-dimensional color histogram. We separated
our file into a large data file and a smaller query file by random selection. On our hardware, an
evaluation of an ellipsoid distance calculation needs 60 µs and a Euclidean distance calculation
requires about 0.5 µs. Our implementation performs ellipsoid range queries. Unless otherwise
mentioned our experiments determine the 2 nearest neighbors of 10 query points.

We generate the similarity matrices  by the formula
 from [8] where  denotes the cross-similarity of the col-

ors i and j. Since the adaptable similarity model supports the modification of local similarities, we
introduce three additional parameters σr, σg, σb and define  =
sqrt( ) in the RGB color space. For our queries, we use five different
parameter settings for the tuple (σ, σr, σg, σb ), namely M1 (1, 100, 1, 1), M2 (1, 1, 1, 100),
M3 (100, 1, 1, 1), M4 (100, 100, 1, 1, 1) and M5 (1, 1, 1, 1).

In the previous sections, we have postulated several claims which require an experimental val-
idation beyond the actual proof of superiority over competitive techniques. The most important
claims to justify our four-step query processing architecture were

• the superiority of the combination of the axis-parallel approximation and the MBE filter and 
• the benefit of the second filter step (RE approximation)

In our first experiment (cf. figure 9) we measure the se-
lectivities of the axis-parallel approximation and the
MBE filter both, separately as well as combined. As al-
ready pointed out in section 4, the quality of the axis-par-
allel approximation depends on the orientation of the que-
ry ellipsoid. Our ellipsoid M1 has a bad selectivity
(14,473 candidates equivalent to 12.5% of all points).
Only ellipsoid M3, which is almost a sphere, yields a sat-
isfactory selectivity of 3.3 candidates which means an
overhead of 1.3 candidates for 2 neighbors. The selectiv-
ity of the MBE filter, applied separately, is with 457 can-
didates for ellipsoid M1 by far better than the selectivity
of the axis-parallel approximation, but not satisfactorily.
For the queries M3, M4 and M5, the selectivity of the
MBE filter is partly better, partly worse than that of the
axis-parallel approximation. The combination of both fil-
ters, however, outperforms the separate applications of
the approximations by large factors (up to 176 compared
to the axis-parallel approximation and up to 5.6 compared to the MBE filter). Only for ellipsoid
M3 where the axis-parallel approximation is almost optimal the combination does not yield fur-
ther selectivity improvements.  

For the ellipsoids M1 and M2, the RE filter yields around 12,000 candidates, and thus a selec-
tivity in the same order of magnitude as the axis-parallel approximation. Now one may wonder
whether the second filter step is useful at all. Moreover, for ellipsoid M5, the number of candidates
of the RE filter is even by a factor of 250 worse than the axis-parallel approximation. Our next
experiment depicted in figure 10, however, shows that the RE filter, like the MBE filter, is bene-
ficially combinable with the axis-parallel approximation. As we have pointed out in section 4, the
RE approximation as an additional filter step is justified if it yields fewer candidates than the axis-
parallel approximation but substantially more candidates than the MBE filter (otherwise, the MBE
filter would be unnecessary). For the first two ellipsoids every filter step reduces the candidate set
approximately to 10%. Note that the scale in this figure is logarithmic. In ellipsoid M1, for instance,
the axis-parallel approximation reduces the candidate set from 112,000 to 14,473 (12.9%). The
second filter step reduces this set further to 1,458 (10.1% of 14,473) and the third filter step to 82

A aij[ ]=
aij σ d i j,( ) dmax⁄( )2–( )exp= d i j,( )
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(5.6% of 1,458). Even for ellipsoid M5, for which the selectivity of the RE filter yielding 13,216
candidates (cf. figure 10) is extremely bad, the combination of the axis-parallel approximation and
the RE filter clearly outperforms the axis-parallel approximation by a factor 1.2. 

The next experiment demonstrates the impact of the various numbers of candidates on the
overall runtime of a query. Therefore, we compare the runtime of our four-step architecture with
a two-step architecture (axis-parallel approximation and refinement step) and also with two archi-
tectures consisting of three steps: (1) axis-parallel approximation, RE approximation, refinement
step; (2) axis-parallel approximation, MBE approximation, refinement step. Figure 11 shows the
results of our experiments using ellipsoid M1 in logarithmic scale. In this figure the selectivity is
varied such that the number of retrieved neighbors ranges from 2 to 8. The performance of the two-
step architecture performing merely the axis-parallel approximation upon the VA file is very bad
(119 to 234 seconds of total time). It is clearly outperformed by the three-step and four-step archi-
tectures using our new types of cell approximation in combination with the axis-parallel approx-
imation. The architecture with the additional rhomboidal ellipsoid filter requires between 14 and
51 seconds and thus is up to 8.5 times faster. The improvement factor of the three-step architecture
with the MBE filter is even higher, up to 28.3. The constantly best performance shows our four-
step architecture: 3.5 to 7.7 seconds total elapsed time with an improvement factor of 34 over the
two-step architecture. 

In a last series of experiments we compare our new technique (four-step architecture) with two
competitive techniques, the sequential scan and the X-tree index. Both competitive techniques are
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allowed to use the sphere approximation as a filter step. In the left diagram of figure 12, we mea-
sure again the total processing time with varying selectivity. The sequential scan which requires
between 8.1 and 10.2 seconds is outperformed by factors between 1.3 and 2.3, and the X-tree index
(17.1 to 23.4 sec.) is outperformed by factors between 3.0 and 4.9. The right diagram shows the
same experiment with varying database size. With increasing database size, the improvement fac-
tor over the X-tree slightly increases from 4.7 (40,000 points) to 5.0 (112,000 points) while the
improvement factor over the sequential scan remains constant at 2.3. 

6.  Conclusions 
In this paper, we have proposed three new approximation techniques to cope with the problem of
efficiently processing user adaptable similarity queries on quantized vectors. The first and second
filter approximate the cells of the quantization grid by ellipsoids with the same principal axes as
the query ellipsoids and enable us to exploit the triangle inequality. The MBE approximation
determines the minimum bounding ellipsoid for each quantized vector and, hence, requires a
quadratic time complexity. In contrast, the RE filter requires linear time in query processing. Our
third new filter technique approximates the query which is a general ellipsoid (corresponding to a
quadratic form distance) by its minimum bounding axis-parallel ellipsoid. Axis-parallel ellipsoids
correspond to weighted Euclidean distances which can be evaluated with particular efficiency on
grid based query processing techniques such as the VA-file or the IQ tree. We propose a multistep
query processing architecture with three filter steps (our new axis-parallel approximation and our
new filters RE and MBE) and show the superiority over architectures with fewer filter steps and
over competitive techniques theoretically as well as experimentally. Our anylysis demonstrates
that our filters complement each other. Hence, it is useful to combine our three filters, and we
determine a suitable order of the filter steps. In our experimental evaluation, the sequential scan is
outperformed by a factor of 2.3. Compared to the X-tree on 64 dimensional color histogram data,
we measured an improvement factor of 5.7. For our future work, we plan to integrate our new
approximation techniques into the IQ-tree.
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Abstract. Providing integrated access to islands of data warehouses has become
one of the leading issues in data warehouse research and industry. This paper
presents a framework for providing interoperability of distributed,
heterogeneous, and autonomous data warehouses based on a federated
approach. We focus on schema integration using XML, which offers significant
benefits for interoperability, since it is a standardized, vendor and platform
independent format for data and – in our case – metadata exchange.

1 Introduction

Data warehouses (DWHs) have become the enabling technology for analytic
applications. A data warehouse is a repository of data that has been extracted,
transformed, and integrated from multiple, independent data sources like operational
databases or external systems [9]. The purpose of data warehouses is enterprise
integration [7]. They are designed to support strategic business applications,
disseminate knowledge, and enhance interactions with customers and companies.

Since DWHs are growing in size [5] enterprises increasingly end up with multiple
“islands” of DWHs that are operated separately and cannot be accessed in a
homogeneous way. The traditional approach to overcome this problem is to build
enterprise wide DWHs, which apparently cause two problems according to [7]: (1) the
enterprise warehouse is invariably overloaded and (2) building an enterprise wide
solution is always an extremely time and cost consuming effort that is improbable to
be successful. Therefore, the interoperability of heterogeneous, autonomous, and
distributed DWHs following a federated approach has become one of the leading
issues of data warehousing in research and industry, lately.

Federated environments [13] provide an adequate and promising architecture for
this problem since they often reflect the real-world situation of multiple autonomous
organizations having particular goals in common. The architecture of federated
environments is normally divided into multiple layers (compare e.g. [15]). We follow
this approach and combine it with the mediation concept proposed by [14]. In our
architecture federated DWHs consist of the local layer, the mediation layer, the
federated layer, and the client layer.
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This paper presents a framework for supporting interoperability among arbitrary
DWH islands in federated environments based on the extensible Mark-up Language
(XML). It focuses on the federated layer and mediation layer that play crucial roles
for interoperability.

Related research works in the area of federated database systems, mediation
between multiple information systems, and distributed data warehousing are given in
[2,3,4,7,10,13,14].

The remainder of this paper is structured as follows: Section 2 presents the project
environment. Section 3 presents data warehouses in federated environments. A
framework for interoperability using XML is discussed in Section 4. Finally, Section
5 concludes and provides an outlook on future research.

2 Project Environment

The work described in this paper is conducted in cooperation with the Upper-Austrian
Health Insurance Organization, which is one of nine regional bodies of the Austrian
Social Insurance Federation. We want to illustrate the problem using a simplified
example taken from our project environment. Consider the two DWH schemas given
by dimensions and fact tables as follows:

� DWH1 is used for analysing benefits paid for medical treatment of the insurants
Time(TimeID, Day, Month, Quarter, Year)
Insurant(InsurantID, Name, Gender, AgeDecade, SalaryLevel)
Benefit(BenefitID, BenefitPosition, BenefitLevel2, BenefitLevel1)
CostofBenefit(TimeID, InsurantID, BenefitID, Amount)

� DWH2 is used for analysing contributions that insurants have to pay
Time(TimeID, Day, Month, Quarter, Year)
Insurant(InsurantID, Name, Gender, AgeDecade, SalaryLevel)
ContributionCategory(ContributionID, ContributionCategory, ContributionGroup)
Contribution(TimeID, InsurantID, ContributionID, Amount)

Now, consider the following queries presented in natural language:
� Query 1: Compare the SUM of the contribution amount in the first quarter of the

year 2000, for the contribution category A, for ALL insurants of the province
Upper Austria and the province Vienna.

� Query 2: Subtract SUM of the benefit amount from SUM of the contribution
amount in the province Upper Austria in the first quarter of the year 2000, for the
insurance of category A, and for ALL insurants.

Since the contribution amount is physically stored in distributed DWHs query 1 could
not be answered with the existing OLAP applications. For query 2, two different facts
of different DWH schemas have to be compared, which could not be answered either.
Consequently, a federated DWH schema is needed that allows comparing benefits and
contributions within one province on the one side, as well as contributions and/or
benefits among all provinces within Austria on the other side. The required
environment as well as a framework based on XML is described in the following
sections.
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3 Data Warehouses in Federated Environments

Data warehouse federations integrate summarized data rather than copying it into
local data warehouses or data marts. They aim to make a collection of independent
data warehouse sources in different places appear logically to be a single data source
and make information in a data warehouse available to people outside the community
that primarily uses the warehouse. By integrating summarized data, users are able to
access data from various data warehouse systems on various platforms.

We adopt the multi layer approach as used by [8] and extend it with additional
mediation components proposed by [14] in order to augment modularity and
flexibility. The resulting architecture is illustrated in Figure 1 and each layer is
explained as follows:
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Fig. 1. A layered architecture for federated data warehouses

� Local layer. It consists of islands of DWHs that continue to operate with existing
local applications. However, it additionally accepts local queries from the
mediation layer and returns the adequate results to the respective mediator.
Additionally, each DWH of the local layer is described within its local schema,
which has to be provided to the mediation layer for participating within a DWH
federation.
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� Mediation layer. The mediation layer is an interface between the federated and the
local layer and consists of multiple mediator modules. A mediator receives sub-
queries from the federated layer (i.e. the query processor) and translates them into
the query language of the local DWH. It further reorganizes the data structures of
the results and redistributes it to the federated layer. Additionally, the mediator
translates the local schema into the export schema, which follows the canonical
data model used to overcome heterogeneity (see Section 4.1). In order to provide
autonomy the export schema only contains those parts of the local schema that the
local DWH is willing to export to the DWH federation.

� Federated layer. The federated layer provides services to hide multiple DWHs by
means of federated schemas. It allows for restructuring and merging of data and
schemas in order to provide a homogenized view of multiple DWHs to the end
users and their applications. The federated schema should be capable of expressing
the multidimensionality and the hierarchy structure of dimensions according to the
heterogeneity of the DWH islands. In a minimal form, the federated layer consists
of a query processor and a metadata management component.

� Client layer. The client layer provides federated users and applications with a
homogeneous interface to multiple DWHs for high-level business applications.

� Communication layer. It provides means for accessing other components of the
architecture through a network. The communication layer is concerned with data
transport, the integrity and confidentiality of the communicated data, and the
authenticity of the communication peers.

4 A Framework for Interoperability Using XML

In our architecture the federated layer and the mediation layer are responsible for
providing interoperability of data warehouses. The federated layer provides schema
integration, and the mediation layer works as an interface between different data
sources and the federated layer. In this section we focus on handling interoperability
of data warehouse islands by using XML.

We use XML and XML DTD to represent schemas and data models for this
framework given in Figure 2, since XML has particular advantages for
interoperability. XML files are platform-independent, self-describing, and provide
hierarchical information. In Figure 2 the left column shows an XML representation of
schemas, such as the federated schema, import schemas, and local schemas. The right
column shows the DTD documents related to the XML representation. Each DTD
corresponds to a data model (i.e., canonical data model and local data models).

4.1 Canonical Data Model

Each local DWH can use its own data model. In order to be able to integrate local
schemas into a federated schema, they have to be transformed into common schemas
that are expressed in a common data model. The common or canonical data model
(CDM) is a model, which is used for expressing all schema objects available in the
different local schemas. [13] discusses CDM requirements for federated database
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systems. They considered that the CDM should be semantically rich; that is, it should
provide abstraction and constraints so that the semantics relevant to schema
integration can be presented. Thus, the CDM for data warehouses in federated
environment allows handling design, integration, and maintenance of heterogeneous
schemas of the local DWHs. It serves for describing each local schema including
dimensions, dimension hierarchies, dimension levels, cubes, and measures and it
should be possible to describe any schema represented by any multidimensional data
model, such as star schema model, snow-flake model, and the like. For modeling the
CDM we refer to [11,12].
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Import
Schema 2
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Schema 2
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Schemes

Corresponding
DTD

Any representation  of
Local Metadata

Integration

Local
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Local
Data Model 2
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Local
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Fig. 2. XML for supporting interoperability

The CDM in Figure 3 is represented by using the Unified Modeling Language
(UML) notation [6]. A DWH Schema is an extension of a relational database catalog
and is a container for multidimensional storage components, namely cubes and
dimensions. A dimension consists of dimension hierarchies, dimension levels, and
dimension attributes, and a cube contains one or more measures. For representing the
CDM we use XML DTD. XML DTD supports providing a neutral model for
describing data structures. It is like the table layout of an XML document and
describes the hierarchical organization. A XML DTD representation of the CDM for
import schemas and federated schema looks like in Figure 4.
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Fig. 3. The Canonical Data Model

<!ELEMENT DWH_Schema (Dimension+, Cube+)> 
<!ATTLIST DWH_Schema SchemaName CDATA #REQUIRED> 
<!ELEMENT Dimension (DimLevel+, DimAttribute*, DimHierarchy*)> 
<!ATTLIST Dimension DimName ID #REQUIRED> 
<!ELEMENT DimLevel (LevelAttribute+)> 
<!ATTLIST DimLevel LevelID ID #REQUIRED LevelName CDATA #REQUIRED> 
<!ELEMENT LevelAttribute EMPTY> 
<!ATTLIST LevelAttribute LevelAttributeName CDATA #REQUIRED> 
<!ELEMENT DimAttribute EMPTY> 
<!ATTLIST DimAttribute DimAttributeName CDATA #REQUIRED> 
<!ELEMENT DimHierarchy (LevelReference+)> 
<!ATTLIST DimHierarchy HierarchyName CDATA #REQUIRED> 
<!ELEMENT LevelReference EMPTY> 
<!ATTLIST LevelReference  
 LevelRef IDREF #REQUIRED LevelOrder CDATA #REQUIRED> 
<!ELEMENT Cube (Measure+)> 
<!ATTLIST Cube Name CDATA #REQUIRED DimRef IDREFS #REQUIRED> 
<!ELEMENT Measure (MeasureName)> 
<!ELEMENT MeasureName (#PCDATA)> 

Fig. 4. XML DTD representation of CDM

4.2 Mediation

The mediation layer works as an interface between local DWHs and the federated
DWH. The mediation layer is responsible to communicate, control, and transfer data
and metadata between the local layer and the federated layer. Since mediators in our
architecture are very important for interfacing heterogeneous DWHs, we consider the
mediator to satisfy the following conditions, namely flexibility, locality, and
modularity.

To respond to the mediation problems we suggest an approach with multiple
mediators. In this approach one mediator will be attached to each local DWH. The
mediator will work independently without affecting the operation of the local DWHs.
In addition multiple mediators make the federated layer independent of local DWHs.

In our architecture the main responsibility of mediators is to exchange data, and to
interchange metadata from the local layer to the federated layer. Thus, we use the
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benefits of XML, which is likely to become the standard format for interchanging
metadata [12].

 
 

<!DOCTYPE DWH_Schema SYSTEM "CDM.dtd"> 
<DWH_Schema SchemaName="DWH1"> 
 <Dimension DimName="Time"> 
  <DimLevel LevelID="DimLev1" LevelName="Day"> 
   <LevelAttribute LevelAttributeName="Time_ID"/> 
   <LevelAttribute LevelAttributeName="Day_DSC"/> 
  </DimLevel> 
  <DimLevel LevelID="DimLev2" LevelName="Month"> 
   … 
  <DimHierarchy HierarchyName="Time"> 
   <LevelReference LevelRef="DimLev1" LevelOrder="1"/> 
   <LevelReference LevelRef="DimLev2" LevelOrder="2"/> 
    … 
  </DimHierarchy> 
 </Dimension> 
 <Dimension DimName="Insurant"> 
  … 
 <Dimension DimName="Benefit"> 
  … 
 <Cube Name="Cost" DimRef="Time Insurant Benefit"> 
  <Measure> 
   <MeasureName>Amount</MeasureName> 
  </Measure> 
 </Cube> 
</DWH_Schema> 

Fig. 5. XML document of Import Schema from DWH1

4.3 Schema Integration

This section focuses on schema integration in the federated layer for supporting the
interoperability of data warehouse islands. The federated layer offers possibilities to
provide interoperability among multiple, heterogeneous, distributed, and autonomous
data warehouses. Our approach adheres to the tightly coupled architecture (compare
[13]), saying that the federated data warehouse requires the construction of a global
schema integrating information derived from source schemas. The common global
schema captures the union of data available in the federation.

4.3.1   Import Schema

The export schemas from the mediation layer are called import schemas at the
federated layer. An export schema represents a subset of a local schema that is
available to the federated environment. Import schemas are imported from the local
layer via the mediator layer using the XML format that corresponds to the canonical
data model. An import schema of DWH1 corresponding to the example described in
Section 2 is given in Figure 5.
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 <!DOCTYPE DWH_Schema SYSTEM "CDM.dtd"> 
<DWH_Schema SchemaName="FedDWH"> 
 <Dimension DimName="Time"> 
  <DimLevel LevelID="DimLev1" LevelName="Day"> 
   <LevelAttribute LevelAttributeName="Time_ID"/> 
   <LevelAttribute LevelAttributeName="Day_DSC"/> 
  </DimLevel> 
  <DimLevel LevelID="DimLev2" LevelName="Month"> 
   … 
  <DimHierarchy HierarchyName="Time"> 
   <LevelReference LevelRef="DimLev1" LevelOrder="1"/> 
   <LevelReference LevelRef="DimLev2" LevelOrder="2"/> 
    … 
  </DimHierarchy> 
 </Dimension> 
 <Dimension DimName="Insurant"> 
  … 
 <Dimension DimName="Benefit"> 
  … 
 <Dimension DimName="ContributionCategory"> 
  ... 
 <Cube Name="CostofBenefit" DimRef="Time Insurant Benefit"> 
  <Measure> 
   <MeasureName>BenefitAmount</MeasureName> 
  </Measure> 
 </Cube> 
 <Cube Name="Contribution" DimRef="Time Insurant ContributionCategory"> 
  <Measure> 
   <MeasureName>ContributionAmount</MeasureName> 
  </Measure> 
 </Cube> 
</DWH_Schema> 

Fig. 6. XML document of Federated Schema

The first line of the XML document in Figure 5 references to an external DTD
document, namely CDM.dtd for validation. The remaining lines of the XML
document provide information about dimensions, dimension levels, dimension
hierarchies, cubes, and measures.

4.3.2 Federated Schema

The federated schema is an integration of multiple import schemas of the local data
warehouses. It is used to combine related data from multiple sites and to overcome
inconsistencies in structure naming, scaling, associated behavior, and semantics. In
addition, the federated schema can describe the multidimensionality of data
warehouse islands, after integrating multiple import schemas.
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 <!DOCTYPE Mapping SYSTEM "Mapping.dtd"> 
<Mapping> 
 <DimMapping FedDimName="Time"> 
  <MapsTo MappingType="EQ_NAMING_STRUCT"> 
   <ImportDimension SchemaName="DWH1" DimName="Time"/> 
  </MapsTo> 
  <MapsTo MappingType="EQ_NAMING_STRUCT"> 
   <ImportDimension SchemaName="DWH2" DimName="Time"/> 
  </MapsTo> 
 </DimMapping> 
 <DimMapping FedDimName="Insurant"> 
  … 
 <CubeMapping> 
  <FedCube CubeName="CostofBenefit"/> 
  <ImportCube SchemaName="DWH1" ImportCubeName="Cost"/> 
  <MeasureMap FedMeasureName="BenefitAmount"  
         ImportMeasureName="Amount"/> 
 </CubeMapping> 
 <CubeMapping> 
  <FedCube CubeName="Contribution"/> 
   … 
 </CubeMapping> 
</Mapping> 

Fig. 7. XML document of mapping information

XML and related technologies offer appropriate data management technology for
documents, but also provide a neutral syntax for interoperability among disparate
systems. By using XML, we can integrate schemas from local DWHs corresponding
to the canonical data model, and define the structure of the document so that the
validity of data can be checked. In addition, the XML document can easily be parsed
into a tree, which is very useful for query processing.

The federated schema in Figure 6 shows the integration of the export schemas of
DWH1 and DWH2 corresponding to the example of Section 2. The federated schema
provides global Time, Insurant, Benefit and ContributionCategory dimensions and
allows comparing measures of different data warehouse islands, namely benefit
amount and contribution amount.

The first line of the XML document of the federated schema in Figure 6 refers to
the DTD document, namely CDM.dtd for validation. The remaining part of the
document shows the federated schema as a result of integrating two import schemas.
The cube CostofBenefit depends on the dimensions Time, Insurant and Benefit, which
is denoted by the value of the attribute DimRef.

4.3.3 Mapping Information

Mapping provides information about semantic heterogeneities of import schemas
from local DWH schemas. Mapping information should be able to distinguish
heterogeneities seen from different perspectives, namely horizontal and vertical
perspectives. Horizontal perspective provides information mapping for various
schemas and different applications, and vertical perspective provides mapping
information for dimensions, their hierarchies, and measures. Heterogeneities of
import schemas include:
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� Different dimension names, but the same semantic
� The same dimension name, but different hierarchies structure
� The same measure, but functionally dependent on different dimensions

Mapping information file is created according to the XML DTD rules. The DTD file
provides rules for mapping as follows:
� Dimension mapping (i.e., dimension, import dimension and its detailed mapping).
� Cube mapping (i.e., cube, import cube and its measure mapping).

Figure 7 shows the mapping between dimensions and measures of the federated
schema to the import schemas. The federated dimension Time, denoted by the
attribute FedDimName of element DimMapping with value “Time”, is mapped to the
dimension Time of schema DWH1 denoted by the attributes SchemaName and
DimName of element ImportDimension with values “DWH1” and “Time”. The same
federated Time dimension is mapped to the Time dimension of schema DWH2.

The federated cube CostofBenefit is mapped to the cube Cost of schema DWH1
and the federated measure BenefitAmount is mapped to the corresponding measure
Amount of the cube Cost of schema DWH1.

5 Conclusion & Future Work

In this paper we present a framework for supporting interoperability of data
warehouse islands using XML. Interoperability is achieved following the federated
approach [13], which allows making distributed, heterogeneous, and autonomous data
sources logically appear as one single site. This virtual co-location of data warehouse
islands offers advantages with respect to autonomy, compatibility, and load balancing
compared to physically replicating data into specialized data marts. Concerning
schema integration, the main contribution for interoperability of this framework is
offered at the federated layer (i.e., canonical data model, federated schema, and
import schema) and at the mediation layer (i.e. export schema).

For realizing interoperability of data warehouse islands we use the benefits of
XML [1] as a standardized, universal format for data and metadata exchange. We
show how different import schemas can be integrated into a federated schema using
XML. Furthermore, we illustrate how XML can be used to define mapping
information in order to overcome heterogeneity. However, the issue of heterogeneity
has to be further investigated in order to cover all aspects of syntactic and semantic
heterogeneity. XML offers an additional benefit, since all schemas can be easily
parsed into a tree structure and automatically validated, which is a significant
advantage for query processing.

So far, we only focused on the topic schema integration for federated data
warehouses. Thus, we will address query processing for DWH federations exploring
the use of XML for federated queries as well as data exchange for retrieving the
results of local data warehouse islands and offering them to the federated users.
Concurrently, we implement incremental prototypes demonstrating the feasibility of
our approach to federated data warehouses.
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Abstract. We propose a strategy for distribution of a relational data 
warehouse organized according to a star schema. We adapt fragmentation 
and allocation strategies that were developed for 00 databases. We split 
the most-often-accessed dimension table into fragments by using primary 
horizont a1 fragment ation. The derived fragment ation then divides the 
fact table into fragments. Other dimension tables are not fragmented 
since they are presumed to be sufficiently small. Allocation of fragments 
encompasses duplication of non-fragmented dimension tables that we call 
a closure. 

1 Introduction 

Data warehouses appeared after it became obvious that databases are not suit- 
able for data analysis since they are designed for specific enterprise-oriented 
functionalities. Thus, data that are relevant for analysis are split between differ- 
ent bases. A data warehouse integrates data that are coming from heterogeneous 
sources. Those data are historical and subject-oriented. Analysis process relies 
on requests that group and select data. Since requests are translated into com- 
plex accesses to  data warehouses, they can continue executing for hours. Thus, 
it is necessary to accelerate request processing, by using mechanisms such as: 

References to materialized views which provide requests with pre-aggregated 
data, thus making request processing more efficient. The main issue, i.e., the 
determination of the minimal set of materialized views, has been studied by 
Yang & al. [16]. 

Indexes which make requests more efficient. Classical B+ tree-based indexes 
are used, as well as bitmapped or projection indexes. Datta & al. [4] have 
proposed to  build DataIndexes that are similar to vertical partitions of the 
fact table. 

Data distribution which enables parallelism for requests. We are interested in 
applying distributions that were first defined for 00 structures, to  new types 
of schemas which are used in data warehouses, such as star schema, snowflake 
schema, and fact constellation [3]. 

Y. Kambayashi, W. Winiwarter, and M. Arikawa (Eds.): DaWaK 2001, LNCS 21 14, pp. 339-348,2001. 
O Springer-Verlag Berlin Heidelberg 2001 
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with primary keys underlined ProductKey 
Name 
Type 
Color 
Size 
Weight 

50,000 tuples 

(a) Star Schema (b) Oriented Graph 
with foreign keys denoted by - 

FacilityKey 
Name 
City 
State 
Country 
Phone 

200 tuples I 

ProductKey m/ 
Dollar Sales 

Fig. 1. Application Specification 

- 

A star schema encompasses all dimensions (including their measures) that 
are likely to  be used by analysts. The fact table is at the center of the star: 
it contains all measures. Dimension tables are organized around the fact table, 
and all measures of the fact table share the same set of dimensions. A snowflake 
schema augments the star schema by providing a mechanism for expressing a 
hierarchy of dimensions. A snowflake schema normalizes dimension tables and 
formalizes a notion of hierarchy within one dimension. Similarly, fact constella- 
tion data warehouses use several fact tables in order to represent measures that 
are not related to the same set of dimensions. 

Figure 1.a depicts a star schema. Dimension tables are not required to be 
in the third normal form. See, as a counter-example, the FACILITY table that 
contains a hierarchy (City, State, Country). The fact table is over-sized in com- 
parison with dimension tables. Let us suppose that our data warehouse contains 
200 facilities and 50,000 products, for 3 year long measures. Our FACILITY 
dimension table contains 200 tuples, our PRODUCT dimension table contains 
50,000 tuples, and the TIME dimension table contains 1095 tuples. Thus, if the 
FACILITY daily-sale is 6,000 on average, the fact table SALES will contain 
1,314 million tuples. 

TIME 

TimeKey 
Year 
Month 
Day 

1095 tuples 

1.1 State of the art of fragmentation in data warehouses 

Munneke et al. [7] propose a classification of possible fragmentation units - 
including horizontal, vertical and mixed fragmentation units- for a given data 
cube. For each type of fragment, they propose an analogy with relational frag- 
mentation, define rules -completeness, disjointness and reconstruction of fragments- 
to make reconstruction of the initial data cube possible, and propose operators 
for fragmentation as well as for multi-dimensional reconstruction. 

Specific methods apply to fragmentation of a star schema. Such schemas are 
characterized by a significant difference between small-sized dimension tables 
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and a huge-sized fact table. Noaman & Barker [8] propose to  derive a horizontal 
fragment ation of the fact table from fragmentations of certain dimension tables, 
as well as to  duplicate non-fragmented dimension tables. Such an approach is 
justified by two observations. First, in most cases, some dimension tables are 
used more frequently than others. Second, if each dimension were fragmented, we 
would obtain too many fact-fragments from the fact table, i.e. as many fragments 
as the product of numbers of fact-fragments generated in each dimension. 

However, Bellatreche [I] proposes a greedy algorithm which copes with size- 
differences of tables. First, a maximum number of fragments called W is chosen. 
Then, each step of the algorithm randomly selects a dimension table to be frag- 
mented, and applies the derived fragmentation to the fact table. Additional steps 
are applied as long as cost of requests decreases and while the number of frag- 
ments remains smaller than W. 

Unlike previous authors, Ezeife [5] proposes a method for fragmentation -of 
the fact table only- of a star schema data warehouse. All possible aggregate views 
are organized into a cube lattice, and used together with a sample of requests 
to describe an application. The top-level view of the cube lattice is fragmented 
by using the minterm algorithm for horizontal fragmentation. This processing is 
iterated on lower-level views which are chosen by using Harinarayanan's greedy 
algorithm [6]. In [I51 Ezeife also proposes algorithms for updating the fragments 
when adding, deleting and updating data. 

2 A proposal for distribution of star schema data 
warehouses 

We propose to  adapt a distribution methodology that has been developed for 00 
databases to distribution of star schema data warehouses. Our method, called 
Fragtique, relies on the assumption that -due to the 00 paradigm- it is possible 
to determine what are the most significant data flows generated by the usual 
accesses to a database. We use this information to define two pre-treatment steps 
which aim at changing granularity of fragmentation and allocation, respectively. 
Our proposal is described in [2,11]. 

When coping with star schema data warehouses, we assume that the structure 
of the data warehouse provides comparable information. Such an assumption is 
discussed in Section 2.1. Sections 2.2 to 2.5 describe the different steps of our 
met hod (pre-fragment at ion, fragment ation, pre-allocat ion, allocation). Section 
2.6 presents the problem of foreign keys whose values are no longer available, 
and a choice of solutions which can be carried out at different granularities. 

2.1 From 00 databases to star schema data warehouses 

As we pointed out in [14], the structural point of view of an 00 database re- 
lies both on the description of class-level relationships (aggregation, inheritance, 
etc.), and object-level relationships (relationships that appear in the bodies of 
methods, roles, etc.). When using 00 models, those two levels are available since 
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we have the conceptual schema, bodies of all methods, and the requirement - 
00 encapsulation- that every access t o  objects is carried out by activating a 
pre-defined met hod. 

We believe that star schema data warehouses provide comparable initial in- 
formation since analysis begins with dimension tables and ends with the fact 
table. Thus, we can determine precisely -from the star schema- which accesses 
to  the facts are possible. In this way, the knowledge of the most often used 
dimensions gives us a precise model of significant data flows. 

2.2 Pre-fragmentation step 

We assume that the application description encompasses the star schema and a 
sample of requests which models accurately the activity of the application. For 
each request from the sample, we know its usage frequency and the tables it 
uses. 

Pre-fragment at ion defines the appropriate level of granularity for fragmen- 
tation by choosing the dimension table from which the fact table is to  be par- 
titioned. Such a dimension table is called the principal dimension table of the 
schema. In order t o  determine the principal dimension table, the star schema is 
viewed as an oriented graph in which nodes are the tables (fact and dimension 
tables) and edges correspond to  foreign keys of the fact table. Those edges are 
always between the fact table and a dimension table, and they are oriented from 
the fact table to  one of dimension tables. See Figure 1.b for the oriented graph 
corresponding to our example. 

By studying requests, we select the principal dimension table, which also 
determines fragmentation of the fact table. The sub-schemas that are produced 
by our pre-fragmentation step are called partitionable-trees Such a tree either 
includes nodes corresponding t o  the fact table and its principal dimension table, 
or corresponds to  a non-principal dimension table. 

In our example, see Figure 2, the sample of requests is composed of four 
requests (ql to  q4), with requests ql, qa, and qg having higher usage frequencies. 
We determine three partitionable-trees: two of them (FACILITY and TIME) 
are non-principal dimension tables. The third tree encompasses the fact table 
(SALES) and the principal dimension table (PRODUCT). 

Any edge between the fact table and a non-principal dimension table is called 
a cut-link. Cut-links can be used to  evaluate activities of requests between frag- 
ments. Figure 2 shows two cut-links. 

2.3 Main fragmentation step 

This step creates, for each partitionable-tree, one or more distribution units 
called fragments. This is achieved by substituting extensions, i.e., sets of tuples, 
for the relations of the partitionable-tree. Classical relational fragmentation al- 
gorithms [9] are used for horizontal fragmentation of the principal dimension 
table. The foreign key associated with the link between the principal dimension 
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Steps 
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I I 
I I 
I I 
I I 
I I 
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I I 
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I 
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I I 
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I No fragmented tables I 
I I 
I I 
I I 
I I 
I I 
I I 

Fig. 2. Fragmentation steps in a star schema 

table and the fact table is used to apply this derived fragmentation to the fact 
table. We obtain two types of fragments. First, we get fragments that contain 
both a fragment of the principal dimension table and the derived fragment of the 
fact table. Second, we have fragments that are limited to non-principal dimen- 
sion tables that are not fragmented. The classical rules of relational database 
fragment ation (disjointness, reconstruction, and completeness) are satisfied by 
our method. 

In Figure 3, we present the result of fragmentation of our earlier example 
which contains 20 PRODUCTS, 5 FACILITIES and a 100-days sale history. We 
limit our figure to  display only primary keys of tables. 

2.4 Pre-allocation step 

Pre-allocation step aims at decreasing the complexity of calculation of the al- 
location cost model. For this, we group fragments into allocation-blocks such 
that communication costs within an allocation-block are maximized while com- 
munication costs between two allocation-blocks are minimized. Pre-allocation is 
based on a K-nearest-neighbours algorithm [13], in which we use, for a distance 
value, an request-based evaluation of communication flows between fragments. 

In Figure 4.a, we present the result of evaluation of communication flows. 
For example, the flow between fragments F1 and F 4  is evaluated to  60 based on 
the activities between fragments F1 and F 4  that result from requests qs and q 4 .  

For each fragment, we build an ordered list (with decreasing communication 
flow evaluations) of fragments. We cut those lists in order to  balance their sizes: 
we obtain three allocation-blocks (FI-F4,  F2-F5, and F3). 
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all tuples 

PRODUCT3: dimension-fragments 

< l 7 , . . . >  , < 19, . . .> ,  < 2 0 , . . . >  

TIME: no-fragmented 

all tuples 1 

Fig. 3. Result of the fragmentation derived from PRODUCT 

2.5 Allocation step 

Allocation is carried out by classical cost-model-based algorithms using previ- 
ous allocation-blocks as allocation units. See [I21 for more details about this 
algorithm. The parameters we use are given in Table 1. 

In order to  develop our cost model, we represent a request q  as a sequence of 
joins between the fact table (denoted by F )  and dimension tables (denoted by 
Di) : 

q =  Dl W F W D2. . .W Dn 

In this way, any sub-request can be described as a unique join expression. 

The primary goal is to  minimize an objective function that represents both 
storage and communication costs among distribution units. The storage cost, de- 
noted by StCost, depends on the allocation schema (represented by the boolean 
parameters ALal,s), the elementary storage cost and the size of the data which is 
stored. The storage cost is given by (see in Table 1 the meaning of parameters): 

S ~ C O S ~  = c C S ~  * C (ALal,s * Tal) 
SE {sites} al~(al1ocation-blocks) 

The global communication cost, denoted by CornCost, depends on the num- 
ber of times a request q  is executed on the sites. For each request q  and each 
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(a) Flows between fragments (b) Allocation 

0 Site S1: 

F1-F4 

F3 

0 Site S2: 

F2-F5 

Fig. 4. Allocation steps in a star schema 

site S ,  we assume that we know the two following parameters: N B I ~ U , , ~ ,  i.e., 
the number of times where q is executed on S ,  and I ~ U , , ~ ,  i.e., the basic calling 
cost of q on S .  

Thus, the global communication cost CornCost is given by: 

Finally, the cost of executing a query on a site can be decomposed into two 
costs as follows: 

1) cost of transferring results from the optimum site of execution, denoted 
by C A R e ~ u l t , , ~ ,  which is given by: 

C A R e ~ u l t , , ~  = C min (Uq,al * ResultT R(q, St)) 
S1€{sites};S1#S 

al€{allocation-blocks) 

Note that an execution of a query q produces sets of partial results E(q) 
whose sizes are denoted by Sixe(E(q)). Each E(q) must be transferred from its 
execution site Si to the query initiating site So. The corresponding transfer cost 
is given by ResultTR(q) = Sixe(E(q)) * SCost(Si, So). 

2) cost for calling sub-requests, denoted by C A S U ~ , , ~ ,  which is evaluated as: 
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Selectivity of the predicate Pi 
Number of tuples in Tj 
Elementary cost of data transfer between sites S1 and S2 
Cost for storage of one unit on site S 
Boolean-valued function; true if a1 is allocated on S 
Size of allocation-block a1 
Number of times q is executed on S 
Boolean-valued function; true if q uses data in a1 
Boolean-valued function; true if the request q' is a sub-request 

of q 
Table 1. Parameters for the cost model 

Figure 4.b shows the allocation of the allocation-blocks discussed above to 
sites S1 and S2. 

2.6 A focus on closure of sites 

Our cost model relies on the assumption that when a sub-request executes on a 
site, all needed information is locally available. Yet in some cases, at  the instance 
level, cut-links produce dangling references, i.e., foreign keys whose actual values 
are no longer locally available. A closure mechanism is proposed for suppression 
of dangling references, see [lo] for more details. Such a closure can be carried out 
at different granularities: within an allocat ion-block, within a site, or globally. 
Our following examples refer to  Figures 3 and 4. 

Allocation-block closure corresponds to  the case of dangling references whose 
actual values are in two different fragments of the same allocation-block. 
The allocation-block closure can be carried out immediately after our pre- 
allocation step. In our example, within the allocation-block F1-F4, F1 con- 
tains dangling references t o  FACILITY instances which belongs t o  F4.  

Site closure is more general in the sense that dangling references and their 
actual values are required to  be localized on the same site. A site closure 
can be carried out only after our allocation step. In our example, on the site 
S1, F 3  contains dangling references t o  FACILITY instances which belongs 
to  F4. 

Global closure has to  cope with dangling references that are not resolved by 
previous mechanisms. The only possible mechanism is a duplication of data 
in order to  provide a local actual value for the dangling reference. In our 
example, on the site S1, any dangling references to  TIME instances which 
belong t o  site S2  are to  be suppressed at the global level of closure, by 
duplicating relevant TIME instances from S2 to  S1. 

3 Conclusion 

We have proposed a method of distribution of star schema data warehouses that 
is based upon the idea of splitting the schema into autonomous and independent 
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sub-schemas. By analyzing sample requests, we can determine which dimension 
tables are the most-often-used. Thus, we can choose to  cut links that have lower 
costs in terms of data communication. 

The sub-schema containing the fact table is horizontally fragmented (pri- 
mary fragmentation of the dimension table and derived fragmentation of the 
fact table). Other sub-schemas are not fragmented. 

Classical allocation algorithms are then used t o  allocate fragments t o  sites. 
During the whole distribution process, closure mechanisms are used t o  diminish 
dangling references by duplicating information. 

In the short term, our ongoing work is to  translate -as efficiently as possible- 
the formalization of our method into the context of data warehouses. The inten- 
tion is to  take into account the fact that data warehouse requests have a much 
simpler structure than general 00 requests. As a next step, we wish to  extend 
this proposal to  snowflake and fact constellation data warehouses. 
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Abstract. This paper presents an approach to implement large data warehouses
on an arbitrary number of computers, achieving very high query execution per-
formance and scalability. The data is distributed and processed in a potentially
large number of autonomous computers using our technique called data ware-
house striping (DWS). The major problem of DWS technique is that it would
require a very expensive cluster of computers with fault tolerant capabilities to
prevent a fault in a single computer to stop the whole system. In this paper, we
propose a radically different approach to deal with the problem of the unavail-
ability of one or more computers in the cluster, allowing the use of DWS with a
very large number of inexpensive computers. The proposed approach is based
on approximate query answering techniques that make it possible to deliver an
approximate answer to the user even when one or more computers in the cluster
are not available. The evaluation presented in the paper shows both analytically
and experimentally that the approximate results obtained this way have a very
small error that can be negligible in most of the cases.

1   Introduction

Data warehousing refers to “a collection of decision support technologies aimed at
enabling the knowledge worker (executive, manager, analyst) to make better and
faster decisions” [6]. A data warehouse is a global repository that stores large amounts
of data that has been extracted and integrated from heterogeneous, operational or leg-
acy systems. OLAP is the technique of performing complex analysis over the infor-
mation stored in a data warehouse [8]. The data warehouse coupled with OLAP enable
business decision makers to creatively analyze and understand business trends since it
transforms operational data into strategic decision making information. Typical ware-
house queries are very complex and ad hoc and generally access huge volumes of data
and perform many joins and aggregations. Efficient query processing is a critical re-
quirement for data warehousing because decision support applications typically re-
quire interactive response times.
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In this paper, we assume that a multidimensional database is based on a relational
data warehouse in which the information is organized as a star schema [12]. A star
schema is composed by a set of dimension and fact tables where the fact table ac-
counts for most of the space occupied by all the tables in the star for most of the cases
[13]. However, this table is highly normalized, which means that it really represents
the most effective (concerning storage space) relational way to store the facts. The
dimension tables are very denormalized, but these tables usually represent a small
percentage of the space in the star. The star schema is also particularly optimized for
the execution of complex queries that aggregate a large amount of data from the fact
table.

We use a new round-robin data partitioning approach for relational data warehouse
environments proposed in [5]. This technique, called data warehouse striping (DWS),
takes advantage of the specific characteristics of star schemas and typical data ware-
house queries profile to guarantee optimal load balance of query execution and assures
high scalability. In DWS, the fact tables are distributed over an arbitrary number of
workstations and the queries are executed in parallel by all the workstations, guaran-
teeing a nearly linear speedup and significantly improving query response time.

In spite of the potential dramatic speedup and scaleup that can be achieved by using
the DWS technique, the fact that the data warehouse is distributed over a large number
of workstations (nodes) greatly limits the practical use of the technique. The probabil-
ity of having one of the workstations in the system momentarily unavailable cannot be
neglected for a large number of nodes. The obvious solution of building the system
using fault tolerant computers is very expensive and will contradict the initial assump-
tion of DWS technique of using inexpensive workstations with the best
cost/performance ratio. Nevertheless, high availability is required for most data ware-
houses, especially in areas such as e-commerce, banks, and airlines where the data
warehouse is crucial to the success of the organizations.

In this paper, we propose a new approximate query answering strategy to handle the
problem of temporarily unavailability of one or more computers in a large data ware-
house implemented over a large number of workstations (nodes) using the DWS tech-
nique. In the proposed approach the system continues working even when a given
number of nodes are unavailable. The partial results from the available nodes are used
to return an estimation of the results from the unavailable nodes. Currently, we pro-
vide approximate answers for typical aggregation queries providing the user with a
confidence interval about the accuracy of the estimated result. The analytic and ex-
perimental study presented in this paper show that the error introduced in the query
results can be really very small.

The rest of the paper is organized as follows. In the next section, we give an over-
view of related work and discuss the problems associated with approximate answering
in data warehouses. Section 3 briefly describes the DWS approach and section 4 dis-
cusses approximate query answering using DWS in the presence of node failures.
Section 5 analyzes the experimental results and the final section contains concluding
remarks and future work.
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2   Related Work

Statistical techniques have been applied to databases in different tasks for more than
two decades (e.g. selectivity estimation [14]). Traditionally, researchers are interested
in obtaining exact answers to queries, minimizing query response time and maximiz-
ing throughput. In this work, we are interested in analyzing and giving solutions to the
failure of one or more workstations in a DWS system. Thus, it has some similarities
with approximate query answering research, where the main focus is to provide fast
approximate answers to complex queries that can take minutes, or even hours to exe-
cute. In approximate query answering the size of the base data is minimized using
samples, which is analogous to the failure of a workstation inhibiting the access to the
part of the base data that resides in that workstation. A survey of various statistical
techniques is given by Barbara et al [4].

Recently, there has been a significant amount of work on approximate query an-
swering [1, 10, 16]. One of the first works was [11] where the authors proposed a
framework for approximate answers of aggregation queries called online aggregation,
in which the base data is scanned in random order at query time and the approximate
answer is continuously updated as the scan proceeds. The Approximate Query An-
swering (AQUA) system [9] provides approximate answers using small, pre-computed
synopses of the underlying base data. Other systems support limited on-line aggrega-
tion features; e.g., the Red Brick system supports running COUNT, AVG, and SUM  [11].

Our work is also related to distributed processing in data warehouses. The fact that
many data warehouses tend to be extremely large in size [6] and grow quickly means
that a scalable architecture is crucial. In spite of the potential advantages of distributed
data warehouses, especially when the organization has a clear distributed nature, these
systems are always very complex and have a difficult global management [2]. On the
other hand, the performance of distributed queries is normally poor, mainly due to
load balance problems.

In this context, the DWS concept provides a flexible approach to distribution, in-
spired in both distributed data warehouse architecture and classical round-robin parti-
tioning techniques. The data is partitioned in such a way that the load is uniformly
distributed to all the available workstations and, at the same time, the communication
requirements between workstations is kept to a minimum during the query computa-
tion phase. This paper marries the concepts of distributed processing and approximate
query answering to provide a fast and reliable relational data warehouse.

3   Data Warehouse Striping

Star schemas provide intuitive ways to represent the typical multidimensional data of
businesses in a relational system. In the data warehouse striping (DWS) approach, the
data of each star schema is distributed over an arbitrary number of workstations hav-
ing the same star schema (which is the same schema of the equivalent centralized
version). The dimension tables are replicated in each machine (i.e., each dimension
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has exactly the same rows in all the workstations) and the fact data is distributed over
the fact tables of each workstation using a strict row-by-row round-robin partitioning
approach (see Figure 1). Each workstation has 1/N of the total amount of fact rows in
the star, with N being the number of workstations.
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Fig. 1. Data Warehouse Striping

Most of the queries over a star schema can be transformed into N independent par-
tial queries due to their nature (and because the fact rows are partitioned in a disjoint
way: i.e., the rows stored in a workstation are not replicated in other workstation).

Although this is not the main point of this paper, it is important to mention that
DWS achieves an optimal speedup. We have made experiments with 3, 5 and 10
workstations using a set of typical queries from APB-1 benchmark [3] and we ob-
tained an average speedup of 3.01, 5.11 and 11.01, respectively. These results show an
optimal speedup for all configurations. In fact, the speedup is higher than the theoreti-
cal value, because the centralized data warehouse that was used as the reference ex-
periment worked near the workstation memory and I/O limits. Although the speedup
increases as the number of workstations used in a DWS system increases, the prob-
ability of unavailability of a subset of those workstations also increases proportionally.

In practice, this means that DWS could not be used with a large number of work-
stations because the DWS will be unstable. This problem therefore would impair the
use of this simple technique. However, we propose a radical solution to this problem,
which allows even ordinary computers to be used as DWS computing units (without
any special characteristic of hardware or software fault tolerance). In the proposed
solution, the system continues running normally, even if one or more workstations are
unavailable, and an approximate answer is computed from those that are available.
Additionally, confidence intervals are also returned with the estimated result.

We experimentally analyzed our proposal with different configurations (different
number of workstations) and in different scenarios of unavailability. The extreme case
of unavailability will also be analyzed (when the user can only access his own work-
station), as the approximate result obtained this way can still be useful when s/he is in
the phase of “digging” the data and the precision of the result is not a crucial issue.
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4   Approximate Query Answering in the Presence of Node Failures

Our proposal consists of providing the user with an answer even when one of the ma-
chines in the DWS system has a failure. In this case the answer will be approximate,
because some partial results of the failed machines are unavailable. DWS is working
normally with approximate answers until we manually recover the workstation. How-
ever, we show that this solution is acceptable for the following reasons:

• The error is very small, as will be shown in this paper and a small error is not
relevant for the decision support activities in most of the cases;

• It is possible to provide the user with a confidence interval that gives him/her
an idea of the amount of error in the approximate result.

For queries using aggregation functions an approximate answer is simply an esti-
mated value for the answer given together with an accuracy value in the form of con-
fidence intervals. We provide confidence intervals based on large sample bounds [10].

4.1   Estimated Values

In this section, we will see how DWS compute the approximate aggregation values
when one or more workstations cannot contribute to the final result. Consider the
number of workstations used in DWS to be N = Nu + Na, where Nu is the number of
workstations that are unavailable and Na is the number of workstations that are avail-
able, contributing to compute the estimated aggregation value. If the aggregations
functions to compute are average, sum or count and one or more workstations are
unavailable the approximate average, sum and count are simply given by

aCOUNT
aSUM

estimatedAVERAGE = , 
aN

N
aSUMestimatedSUM = , 

aN

N
aCOUNTestimatedCOUNT = (1)

where SUMa and COUNTa represents the partial sum and count from the available work-
stations and N is the number of workstations used in the DWS system. Intuitively, the
overall estimated average is equal to the average taken from the available nodes.
These are the formulas that will be used in our experiments to compute the estimated
values of the queries.

4.2   Analysis of the Error Incurred in DWS Estimations

When one or more workstations are unavailable, approximate query answers must be
given. Although it is not possible to return exact answers in those cases, the estimation
is extremely accurate for an important subset of typical query patterns consisting of
aggregations of values into categories. The estimation is based in statistical inference
using the available data as samples. We assume that the random sample is taken from
an arbitrary distribution with unknown mean µ and unknown variance •2. We make the
additional assumption that the sample size ns is large enough (ns>30) so that the Cen-
tral Limit Theorem can be applied and it is possible to make inferences concerning the
mean of the distribution [7]. As • is unknown, we replace it with the estimate s, the
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sample standard deviation, since this value is close to • with high probability for large
values of ns. Thus, bounds on the confidence interval for the mean of an arbitrary
distribution are given by X ±Error, where

Error = –  za /2 ·  
1-

-
n

snn

sn

s  . (2)

In this expression, s is the standard deviation of the sample and n is the population
size. The term za /2 is the corresponding percentile in the normal distribution. This
expression shows that the error decreases significantly as the sample size ns increases
and eventually reaches extremely small values for very large sample sizes (ns »  n).

The distribution of the fact table rows into N workstations is considered pseudo-
random because a round-robin approach is used. As a result, we assume the values in
any aggregation pattern to be evenly distributed by all the workstations. For simplicity,
we consider that an average is being computed over each aggregation group. We also
consider that Nu workstations are unavailable (cannot contribute with partial values to
the final query result). Some reasonable assumptions can be made concerning the
values taken by these variables,

• 1 < N • 100
• Nu is typically a small fraction of N

Consider also an aggregation of ng values into one of the group results, with ng be-
ing reasonably large (e.g. ng • 100). The number of values available in the sample
when Nu workstations are unavailable is ng – ng/N ·  Nu = ng (1–Nu/N) and the error is:

Error = –  za /2 ·  
1

)/1(

)/1( -

--

- gn

NuNgngn

NuNgn

s »  –  za /2 ·  
N
uN

NuNgn

s

)/1( -

(3)

This value is typically extremely small for the type of queries considered, because
the number of values aggregated into a specific group (ng) is at least reasonably large
(e.g. more than 100 values) and the fraction Nu/N is usually small. In other words, a
sufficiently large sample is usually available, resulting in very accurate estimations. In
these formulas we are concerning about the mean of the distribution but if we would
like to compute the sum or count is only multiply the formulas above by the number of
elements in each group (ng). Figure 2 shows the 99% interval for the error taken as a
function of the fraction of workstations that are unavailable (x axis) and considering
also different numbers of values aggregated in a group. These results were obtained by
considering the standardized normal distribution >(0,1).
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The results of the left picture show that the error is very small when the fraction of
workstations that are unavailable is reasonably small or the number of values aggre-
gated into the group is sufficiently large. Additionally, although the increase in the
fraction of workstations that are unavailable results in larger errors, as shown in the
right picture, those errors are not very large in many cases and decrease significantly
as ng increases. For instance, it can be seen from the left picture that the error is ex-
tremely small when the fraction of unavailable workstations is less or equal to 10%
and the number of values aggregated into the group is larger than 200.

5   Experimental Results

In these experiments we evaluate the error and test if it is within the estimated confi-
dence intervals in a large variety of cases. We are also interested in analyzing the
influence of group-by queries with different sizes of groups.

The TPC-H benchmark [15] was used as an example of a typical OLAP applica-
tion. It consists of a suite of business oriented ad hoc queries illustrating decision sup-
port systems that examine large volumes of data, execute queries with a high degree of
complexity and give answers to critical business questions. Therefore, in accordance
with the above criteria, we concentrated our attention on queries Q1, Q6 and Q7 of
TPC-H benchmark. These queries have the characteristics shown in Table 1, where
the first column represents the number of rows processed in average for each group,
the second column show the number of groups and the third represents the average
group selectivity when the data warehouse is centralized in one workstation.

Table 1. Characteristics of queries Q1, Q6 and Q7

number of rows/group number of groups selectivity
Q1 1,479,417 4 14.6 %
Q6 114,160 1 1.9 %
Q7 1,481 4 0.025 %

5.1   Experimental Testbed

The experimental evaluation of approximate query answering in DWS is conducted in
a workstation environment where all are linked together in an Ethernet network with
Oracle 8 database management system installed in each of them.

The TPC-H was implemented with a scale factor of 1 for the test database, which
corresponds, to approximately 1 GB for the database size. This corresponds to a big
fact table LINEITEM (6,001,215 rows) and the dimension tables ORDERS (1,500,000
rows), CUSTOMER (150,000 rows), SUPPLIER (10,000 rows) and NATION (25 rows).

In these experiments we apply our technique to one workstation, simulating a cen-
tralized data warehouse and denote it as CDW (Centralized Data Warehouse), and to
N=5, 10, 20, 50 and 100 workstations, which corresponds to DWS-5, DWS-10, DWS-
20, DWS-50 and DWS-100, respectively.
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The use of N workstations was simulated by dividing the n_fact_rows (6,001,215)
of LINEITEM fact table, into N partial fact tables (LINEITEM_1,…, LINEITEM_N). Each
workstation has n_fact_rows/N rows and the dimensions are replicated in each work-
station. For example, DWS-100 simulates the use of 100 workstations (N=100) having
100 partial fact tables (LINEITEM_1, … ,LINEITEM_100) with each one having
600,121– 1 fact rows, while the dimensions are equivalent to those of the CDW sys-
tem.

5.2   Approximate Query Answers

In these experiments we evaluated the error obtained with typical OLAP queries when
some of the workstations are unavailable and proved that we can give very tight confi-
dence intervals such that users know about the accuracy of the result. The influence of
group-by queries with different sizes of groups will also be analyzed.

Estimation accuracy. The unavailability of each individual workstation was
simulated by not taking into account the partial results that corresponded to the failed
workstation. Finally, we compute the average and maximum of all these errors for
each configuration. For example, using the DWS-100 configuration, we determine the
error when one of the 100 workstations is unavailable and determine the average and
maximum of these errors.

The average and maximum error obtained for Q1, Q6 and Q7 queries of TPC-H
benchmark using DWS-5, DWS-10, DWS-20, DWS-50 and DWS-100 and consider-
ing only one unavailable workstation are illustrated in Figure 3, where the x axis rep-
resents the number of workstations used.
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Fig. 3. Average and maximum error for Q1, Q6 and Q7 when one workstation is unavailable

As can be observed, the average error obtained for these queries is extremely small
because we only simulate the unavailability of one of the workstations that comprise
each configuration. Additionally, this error decreases when we use more workstations,
due to the fact that the number of missing rows is smaller. The average error obtained
for Q7 query is larger than the error corresponding to the other queries because the
average number of rows aggregated by group is smaller. This is due to the fact the
query Q7 has a higher selectivity (as shown in Table 1), meaning less elements in each
aggregation group, which in case of failure of one workstation has more impact in the
precision of the result obtained.

The maximum error is higher than average error because it is the worst-case. We
compute the maximum error obtained for each query and for each group. However, as
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illustrated in the right picture of Figure 3, this error was always smaller than 2.5%
even when 1/5 of workstations were unavailable.

In the results shown before only one workstation was unavailable, but we are also
interested in studying the results when the number of unavailable workstations is much
larger. For instance, in DWS-5 we can simulate the failure of 2, 3 or 4 workstations,
which corresponds to an unavailability of 40%, 60% or 80%, respectively. The aver-
age and maximum error for all possible combinations is shown in Figure 4 for queries
Q1, Q6 and Q7, where the x axis represents the number of workstations unavailable.
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Fig. 4. Average and maximum error on DWS-5 when one to four workstations are unavailable

In these experiments, using DWS-5 configuration, the error increases with the
number of workstations that are unavailable (as expected). However, this error is not
very large in average, as it does not exceed 4% (Q7 query) or even less. Furthermore,
the average error is not higher than 0.3% for queries Q1 and Q6, which is a very good
approximation of the result for most of the cases. These very good results are due to
the fact that our partitioning strategy is pseudo-random resulting in a uniform random
distribution of the data over the workstations.

The maximum error obtained using all the possible combinations of workstation
unavailability is about 10%. It must be pointed out this is the extreme case of unavail-
ability because the user is only accessing his own workstation. Interestingly, the
maximum error of Q1 query is higher than the maximum error of Q6 even though Q1
aggregates more rows in average than Q6 (see Table 1). However, this is due to the
influence of a very small group in Q1. This group has 38,854 rows, which is a much
smaller number of rows than those from query Q6 (see Table 1). Therefore, we could
conclude that the precision of our results is highly influenced by the number of rows
processed in each group of a group-by query. However, even in the case of unavail-
ability of 80% of the workstations we obtain an error less than 10% in the worst case
meaning that approximate results are not harmful.

Confidence intervals. We provide accuracy measures as confidence intervals for each
estimate, for some confidence probability.

The next figures analyze the confidence interval that is returned using our technique
for queries Q1 and Q7 using various configurations of DWS. Each graphic shows
three curves, two of them representing the sum of the exact value with the confidence
interval (exact_value+error and exact_value-error), corresponding to the upper and
lower curves in the figures. The middle curve is the estimated_value obtained with the
respective configuration.
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Figure 5(a) shows the confidence interval for query Q1 using DWS-100 and the ag-
gregation avg(l_extendedprice) for one of the groups of the result. As we are simulat-
ing the unavailability of only one workstation, the x axis legend indicates which work-
station is unavailable and the y axis shows the value of the aggregation as well as the
confidence interval bounds. This example shows that the confidence intervals do a
good job determining boundaries for the error. These intervals are computed using the
formula 3 of section 4.2, with a probability of 99%.

Figure 5(b) shows the confidence intervals for query Q7 and all possible combina-
tions of unavailability of three workstations using DWS-5. The value computed by
query Q7 is the aggregation sum(volume). The x axis represents all possible combina-
tions of unavailability of three workstations. The query Q7 returns four groups, but for
simplicity is only shown the result of one in the figure 5(b). In this case confidence
intervals are computed with a probability of 95%.
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Fig. 5. Confidence interval for queries Q1 and Q7 using DWS-100 and DWS-5

The experimental results show that confidence intervals are very useful to deliver
convenient error bounds for a given confidence level and the errors are very small.
Thus, we can give the user very tight confidence intervals of the approximate answers
when one or more workstations are unavailable. The artificial nature of the TPC-H
benchmark data could influence the results but we argue that this highly-accurate
answers are mainly due to our round robin data partitioning which provides random-
ness of our facts which would not be the case if we have used range partitioning.

6   Conclusions and Future Work

In this paper, we have proposed a distributed data warehousing strategy that is able to
answer typical OLAP queries when component workstations are unavailable. Data
Warehouse Striping (DWS) is a scalable technique that divides data warehouse facts
into a number of workstations to solve data warehouse limitations related to heavy
storage loads and performance problems. With the proposed modular approach, simple
workstations without any special hardware or software fault tolerance can be used and
very accurate approximate answers are returned even when a substantial number of the
component workstations are unavailable.  We have proposed a formula to quantify
estimation error of the answer and proved that this error is very small when the frac-
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tion of workstations that are unavailable is reasonably small or the number of values
aggregated into the groups is sufficiently large.

The proposed technique is a cost-effective solution that could be applied in almost
all types of organizations, taking advantage of the availability of computer networks to
distribute the data and their processing power, avoiding the need of very expensive
servers. The experimental results show a linear or even super linear speedup of DWS,
due to the fact that, when we distribute the data, we are working with more manage-
able amounts of data that do not stress memory and computing resources so much.

The experimental results of this paper have also shown that the DWS technique
provides approximate query answers with very small errors, even when most of the
workstations are unavailable. The confidence intervals are promising, as the technique
is able to return strict confidence intervals with important information to the user con-
cerning the amount of error of the estimations. We propose a more complex statistical
analysis as future work.
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