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In Memoriam

Yahiko Kambayashi
(1943-2004)

In great sadness we received notice of the sudden and untimely passing away of
Prof. Yahiko Kambayashi on Friday, February 6, 2004.

Prof. Kambayashi, one of the leading international pioneers of database re-
search, completed his Ph.D. at Kyoto University in 1970. In his early academic
career, Prof. Kambayashi’s research topics were logic circuits design, switching
theory, and automata theory. From 1971 to 1973 he was a Visiting Research As-
sociate at the University of Illinois, Urbana, where he developed a logic design
method called the transduction method, which is now widely used by major US
and Japanese logic design software vendors. After his return to Kyoto University
as a faculty member in 1973, Prof. Kambayashi started to focus his research on
databases. His major research results include an algorithm for the calculation of
key dependencies, new inference rules for embedded multivalued dependencies,
processing methods for cyclic queries, and new concurrency control mechanisms.
In 1984, he became a professor at Kyushu University, where he extended his re-
search area to geographic information systems, schema design in network data
models, and concurrency control. In 1990, he was appointed as a professor at
Kyoto University, where he conducted several very important practical research
projects including studies of applications of database technologies to groupware
and distance education systems. From April 2003, he served as Dean of the
Graduate School of Informatics at Kyoto University.



VI In Memoriam

Prof. Kambayashi published numerous articles in major journals and confer-
ences. He also was the author and editor of many books and conference proceed-
ings.

Prof. Kambayashi was also a great educator. A record number of Japanese
and foreign students received M.S. and Ph.D. degrees under his supervision at
Kyoto University and Kyushu University. Many of them are now serving as
faculty members at universities in Japan and other countries. Prof. Kambayashi
also taught courses at McGill University (1979), Kuwait University (1982) and
Wuhan University (1984) as a visiting professor.

Prof. Kambayashi was an IEEE fellow, a trustee of the VLDB Endowment, a
member of the SIGMOD Advisory Committee, a vice-chair of the ACM Tokyo/
Japan Chapter, chair of the DASFAA Steering Committee, co-chair of the WISE
Society and WISE Steering Committee, a member of the CODAS Steering Com-
mittee, a member of the ER Steering Committee, a member of the RIDE Steering
Committee, a co-editor-in-chief of the World Wide Web Journal, an associate
editor of ACM TODS, and a member of the editorial boards of several interna-
tional journals. He was a winner of the ACM SIGMOD Contribution Award in
1995 for his many professional services in Japan and internationally.

Prof. Kambayashi helped to found the DEXA series of conferences and was
one of the initiators of the DaWaK conference for which he served as General
Chair from the very beginning in 1999.

Those who knew Prof. Kambayashi remember the energy and stamina with
which he not only tackled his own research issues but also supported his col-
leagues, staff, students, collaborators and guests. Not only profound insights
and expertise, but also his friendship and generous hospitality attracted many
researchers and students.

Prof. Kambayashi is survived by his wife and two sons. His sudden leave is not
only a tragic loss to his family but also a great loss to the whole international
research community. Many of us will remember him as a friend, a mentor, a
leader, an educator, and as our source of inspiration. We express our heartfelt
condolence and our deepest sympathy to his family.

PC Chairs of DaWaK 2004
Mukesh Mohania (IBM India Research Lab, India)
Wolfram W6 (FAW, Johannes Kepler University of Linz, Austria)

DEXA President and Vice-President
Roland Wagner (FAW, Johannes Kepler University of Linz, Austria)
A Min Tjoa (Vienna University of Technology, Austria)

Former PC chairs of DaWaK

Werner Winiwarter (University of Vienna, Austria)
Masatoshi Arikawa (University of Tokyo, Japan)

A Min Tjoa (Vienna University of Technology, Austria)

June 2004



Preface

Within the last few years, data warehousing and knowledge discovery technology
has established itself as a key technology for enterprises that wish to improve
the quality of the results obtained from data analysis, decision support, and the
automatic extraction of knowledge from data.

The 6th International Conference on Data Warehousing and Knowledge Dis-
covery (DaWaK 2004) continued a series of successful conferences dedicated to
this topic. Its main objective was to bring together researchers and practition-
ers 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 warehous-
ing and knowledge discovery systems. The scope of the papers covers the most
recent and relevant topics in the areas of data cubes and queries, multidimen-
sional data models, XML data mining, data semantics and clustering, association
rules, data mining techniques, data analysis and discovery, query optimization,
data cleansing, data warehouse design and maintenance, and applications. These
proceedings contain the technical papers selected for presentation at the confer-
ence.

We received more than 100 papers, including 12 industrial papers, from over
33 countries, and the program committee finally selected 40 papers. The confer-
ence program included an invited talk by Kazuo Iwano, IBM Tokyo Research
Lab, Japan.

We would like to thank the DEXA 2004 Workshop General Chairs (Prof.
Roland Wagner, Prof. A Min Tjoa) and the Organizing Committee of the 15th
International Conference on Database and Expert Systems Applications (DEXA
2004) for their support and their cooperation. Many thanks go to Ms. Gabriela
Wagner for providing a great deal of assistance as well as to Mr. Raimund
Angleitner-Flotzinger and Mr. Andreas Dreiling for administering the confer-
ence management software. We are very indebted to all the Program Committee
members and external reviewers who reviewed the papers very carefully and in a
timely manner. We would also like to thank all the authors who submitted their
papers to DaWaK 2004; they provided us with an excellent technical program.

September 2004 Mukesh Mohania
Wolfram Wof3
Pankaj Garg
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Conceptual Design of XML Document Warehouses

Vicky Nassis!, R. Rajugan?, Tharam S. Dillon?, and Wenny Rahayu!

! Dept. of CS-CE, La Trobe University, Melbourne, Australia
{vnassis,wenny}@cs.latrobe.edu.au

2 Faculty of Information Technology, University of Technology, Sydney, Australia
{tharam3, rajugan}@it.uts.edu.au

Abstract. EXtensible Markup Language (XML) has emerged as the dominant
standard in describing and exchanging data among heterogeneous data sources.
XML with its self-describing hierarchical structure and its associated XML
Schema (XSD) provides the flexibility and the manipulative power needed to
accommodate complex, disconnected, heterogeneous data. The issue of large
volume of data appearing deserves investigating XML Document Warehouses.
But due to XML’s non-scalar, set-based semi-structured nature, traditional data
design models lack the ability to represent XML design level constructs in an
abstract and implementation-independent form which are crucial for designing
complex domains such as data marts and data warehouses, but also during their
operational and maintenance phase. We utilize Object Oriented (OO) concepts
to develop a conceptual model for XML Document Warehouses. In this paper
we propose a conceptual design formalism to build meaningful XML Document
Warehouses (XDW). Our focus includes; (1) conceptually design and build
meaningful XML (warehouse) repository (xXFACT) using OO concepts in inte-
gration with XML Schema constructs, (2) conceptually model and design vir-
tual dimensions using XML conceptual views [10a] [10b] to satisfy warehouse
end-user requirements and (3) use UML package diagrams to help logically
group and build hierarchical conceptual views to enhance semantics and ex-
pressiveness of the XDW.

1 Introduction

Data Warehousing (DW) has been an approach adopted for handling large volumes
of historical data for detailed analysis and management support. Transactional data in
different databases is cleaned, aligned and combined to produce good data ware-
houses. Since its introduction in 1996, eXtensible Markup Language (XML) has
become the defacto standard for storing and manipulating self-describing information
(meta-data), which creates vocabularies in assisting information exchange between
heterogenous data sources over the web [22]. Due to this, there is considerable work
to be achieved in order to allow electronic document handling, electronic storage,
retrieval and exchange. It is envisaged that XML will also be used for logically en-
coding documents for many domains. Hence it is likely that a large number of XML
documents will populate the would-be repository and several disparate transactional
databases.

Y. Kambayashi et al. (Eds.): DaWaK 2004, LNCS 3181, pp. 1-14, 2004.
© Springer-Verlag Berlin Heidelberg 2004



2 Vicky Nassis et al.

The concern of managing large amounts of XML document data arises the need to
explore the data warehouse approach through the use of XML document marts and
XML document warehouses.

Since the introduction of dimensional modeling which, evolves around facts and
dimensions, several design techniques have been proposed to capture multidimen-
sional data (MD) at the conceptual level. Ralph Kimball’s Star Schema [11] proved
most popular, from which well-known conceptual models SnowFlake and StarFlake
were derived. More recent comprehensive data warehouse design models are built
using Object-Oriented concepts (structural relationships, Object cubes or data cubes)
on the foundation of Star Schema. In [7] [8a] [8b] and [18] two different OO modeling
approaches are demonstrated where a data cube is transformed into an OO model
integrating class hierarchies. The Object-Relational Star schema (O-R Star) model [9]
aims to envisage data models and their object features, focusing on hierarchical di-
mension presentation, differentiation and their various sorts of embedded hierarchies.

These models both object and relational have a number of drawbacks namely they
are; (a) data-oriented without sufficient emphasis or capturing user requirements, (b)
extensions of semantically poor relational models (star, snowflake models), (c) origi-
nal conceptual semantics are lost before building data warehouses as the operational
data source is relational, (d) further loss of semantics resulting from oversimplified
dimensional modeling, (e) time consuming if additional data semantics are required
to satisfy evolving user requirements and (f) complex query design and processing is
needed, therefore maintenance is troublesome. When applying these approaches to
the design of XML document warehouses, it is important to consider XML’s non-
scalar, set-based and semi-structured nature. Traditional design models lack the abil-
ity to utilise or represent XML design level constructs in a well-defined abstract and
implementation-independent form.

One of the early XML data warehouse implementation includes the Xyleme Pro-
ject [16]. The Xyleme project was successful and it was made into a commercial
product in 2002. It has well defined implementation architecture and proven tech-
niques to collect and archive web XML documents into an XML warehouse for fur-
ther analysis. Another approach by Fankhauser et al. [5] explores some of the changes
and challenges of a document centric (such as EDI messages, eBooks) XML ware-
house. Both these approaches offer some powerful implementation and architectural
design insights into XML warehouses but, coupling them with a well defined concep-
tual and logical design methodology may help future design of such XML warehouse
for large-scale XML systems. For these given reasons, in this paper we propose a
conceptual modelling approach to the development of an XML Document Warehouse
(XDW).

1.1 Our Work

UML, a widely adopted standard for Object-Oriented (OO) conceptual models is the
foundation to build this conceptual model for XML document warehousing, consider-
ing that its graphical notation complies with the user(s) and domain expert(s) under-
standing. Our proposed methodology provides; (a) a conceptual design, using UML,
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for the XDW meaningful XML FACT repository (xFACT), (b) conceptually model
and design virtual dimensions using XML conceptual views [10a] [10b] to satisfy
warehouse end-user requirements and (c) use UML package diagrams to logically
group and build hierarchical conceptual views to enhance semantics and expressive-
ness of the XDW.

The main aspects to our methodology are as follows; (1) User requirements (UR):
Assist in determining different perspectives of the document warehouse rather than
data/documents, (2) XML Document structure [13]: Using XML document capability
in accommodating and explicitly describing heterogeneous data accompanied with
their inter-relationships semantics (unlike flat-relational data), (3) XML Schema:
Describes, validates and provides semantics for its corresponding instance document
(XML document) [15]. Also, it can capture all OO concepts and relationships [4] [6]
as well as intuitive XML specific constructs, such as ordering explained in Section
1.2 and (4) Conceptual Views [10a][10b]: A conceptual view describes how a collec-
tion of XML tags relates to the direct use of a domain user at the conceptual/abstract
level. A typical XML domain may contain XML documents ranging from few to
many thousands of semantically related clusters of XML documents depending on the
real world requirement. Only a subset of the XML tags cluster, its specification and
their data values (information), which collectively form a conceptual view, may be of
interest to the domain user at a point in time.

The rest of the paper is organized as follows; In Section 1.2, we outline some
unique XML Schema concepts that are captured and modeled using UML, while
Section 1.3 provides a brief description of the example case study used in this paper,
of which, we will be gradually building XML warehouse model (using UML). Sec-
tion 2 is dedicated to in-depth discussion of the XDW conceptual model (with exam-
ples), followed by the conclusion in Section 3.

1.2 XML Schema and OO Concepts

A widely used approach for conceptual modeling to developing XML Schemas is the
OO conceptual model, frequently expressed in UML [6]. In order to understand the
semantics that must be captured in abstract models of XML Data Warehouses, two
significant issues are raised (1) ordered composition and (2) homogeneous composi-
tion. An illustration of each case is provided in the sections that follow using the
proposed mapping techniques in [6] for the transformation of the OO diagrams to
XML Schema. The examples are extracted from the complete UML diagram in Fig-
ure 5.

1.2.1 Ordered Composition
Consider the following XML Schema fragment:

<xs:element name="Publ_Papers" type=" Publ_PaperType"/>
<xs:complexType name="Publ_PaperType">
<xs:sequence>
<xs:element name="Paper_ID" type="xs:ID"/>
<xs:element name="Paper_Desc" type="xs:string"/>
<xs:element name="Paper_Length" type="xs:short"/>
<xs:element name="Publ_Abstract" type="Publ_AbstractType"/>
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<xs:element name="Publ_Content" type="Publ_ContentType"/>
<xs:element name="Publ_Reference" type="Publ_ReferenceType"/>
</xs:sequence>
</xs:complexType>
<xs:complexType name="Publ_AbstractType">
<xs:sequence>
<xs:element name="Abst_PaperlD" type="xs:IDREF"/>
<xs:element name="Abst_Contents" type="xs:string”/>
</xs:sequence>
</xs:complexType>
<xs:complexType name="Publ_ContentType">
<xs:sequence>
<xs:element name="Cont_PaperlD" type="xs:IDREF"/>
<xs:element name="Cont_NoOfPages" type="xs:short"/>
<xs:element name="Cont_WordsCount" type="xs:short"/>
</xs:sequence>
</xs:complexType>
<xs:complexType name="Publ_ReferenceType">
<xs:sequence>
<xs:element name="reference_ID" type="xs:ID" nillable="false"/>
<xs:element name="NoOfReferences" type="xs:string" nillable="false"/>
</xs:sequence>
</xs:complexType>

The composite element Publ Papers is an aggregation of the sub-elements
namely Publ Title, Publ Abstract and Publ Content. Interpreting this
XML Schema section we observe that the tag <xs:sequences> signifies that the
embedded elements are not only a simple assortment of components but these have a
specific ordering. Hence we add to UML an annotation that allows capturing of the
ordered composition as shown in Figure 1, utilizing stereotypes to specify the ob-
jects’ order of occurrence such as <<1>>, <<2>>, <<3>>, .... ,<<n>>. Figure 1b shows
the XML Schema segment above modeled applying this UML notation.

Publ_Papers
BPaper_ID
[&Paper_Desc
BEPaper_Length

Composite Object

| 1 1

<<1>> <<2>>
<<3>>
1 1 “ 1 4£:bl—AbStht %CPUTI;ContT;t Publ_References
bst_PaperlD ont_Paper
<<1>> <<2>> <<3>> EAbst_Contents [&Cont_NoOfPages gzﬁf&rg;?;gﬁes
Component A Component B Component C I |BECont_WordsCount

a. UML Stereotype for an Ordered Composition b. The XML Schema Fragment for an Ordered
Composition shown in UML

Fig. 1. Figures 1(a) and 1(b): Ordered composition example

1.2.2 Homogeneous Composition

In a homogeneous aggregation, one “whole” object consists of “part” objects, which
are of the same type [19]. Two important cases are considered when applied to the
homogenous composition, which are as follows:
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1.2.2.1 Case of One-to-Many Relationship
Consider the XML schema segment below of the relationship between the two ele-
ments Publ Chapter and Publ_Section.

<xs:element name="Publ_Chapter" type="Publ_ChapterType"/>
<xs:complexType name=" Publ_ChapterType">
<xs:sequence>
<xs:element name="Ch_No" type="xs:short"/>
<xs:element name="Ch_Title" type="xs:string"/>
<xs:element name="Ch_Keywords" type="xs:string" maxOccurs="unbounded"/>
<xs:element name="Publ_Section" type="Publ_SectionType" minOccurs="1"
maxOcurs ="unbounded"/>
</xs:sequence>
</xs:complexType>
<xs:complexType name="Publ_SectionType">
<xs:sequence>
<xs:element name="Section_Title" type="xs:string"/>
<xs:element name="Section_Contents" type="xs:byte"/>
<xs:element name="Section_Figures" type="xs:anyType"/>
<xs:element name="Section_Tables" type="xs:byte"/>
<xs:element name="Section_SubSection" type="Publ_SectionType" maxOccurs="unbounded"/>
</xs:sequence>
</xs:complexType>

It is declared that the object Publ Chapter can consist of one or more
Publ_Sections. We specify the maxOccurs value of Publ Section to ‘“un-
bounded” (default value is ‘1’) enabling the element Publ Section to occur from
one to many times within Publ Chapter. We consider the assumption that a given
section cannot be contained in any other chapter from the papers submitted. This
characteristic is shown in Figure 2a using the proposed UML notation while Figure
2b shows the model corresponding to the XML Schema fragment below.

. . Publ_Chapter
Com posite Object [BCch No |
Q’ h_Title
BECch_Keywords

1..n
Publ_Section

EES ection_Title

EES ection_Contents

EES ection_Figures
EES ection_Tables

1...n

Component A

a. UML Notation for a Homogeneous Composi-

N . ” . b. Homogeneous Composition example
tion featuring One to Many relationship

Fig. 2. Figures 2(a) and 2(b): Homogeneous composition (Case 1)

1.2.2.2. Case of Many-to- Many Relationships
Consider the XML schema segment below of the relationship between Publ Year
and Publ Month elements:

<xs:element name="Publ_Year" type="Publ_YearType" maxOccurs="unbounded"/>
<xs:complexType name="Publ_YearType">
<xs:sequence>
<xs:element name="Yr_Year"/>
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<xs:element name="Yr_SpecialEvents"/>
<xs:element name="Publ_Month" type="Publ_MonthType" nillable="false"
maxOccurs="unbounded"/>
</xs:sequence>
</xs:complexType>
<xs:complexType name="Publ_MonthType">
<xs:sequence>
<xs:element name="Month_Name"/>
</xs:sequence>
</xs:complexType>

In this category a composite object (Publ_ Year) may have many components
(Publ_ Months) and each component may belong to many composite objects. The
maxOccurs value equaling to “unbounded” in both elements forms the many-to-many
relationship between Publ Year and Publ Month elements. The UML notation
illustrating this case is shown in Figure 3a while Figure 3b shows the model corre-
sponding to the XML Schema fragment below.

1.3 An Example Case Study

As a motivating example for this paper, we intent to gradually build a conceptual
model of an XDW based on a simplified (academic) conference publication system
(CPSys). To illustrate the purpose of this paper we highlight only a few, simplified
warehouse user requirements. These requirements include (a) chronological listing of
author details, sorted by conferences, (b) alphabetical listing of all proceedings ar-
ranged according to the conference date and year. Each listing should include pro-
ceedings title, ISBN, conference, editor listing and the table of contents, (c) alpha-
betical listing of all proceedings together with abstract lists with cross-reference to
author/(s) details, (d) chronological listing of conferences and workshops listed with
their associated publications, and (e) chronological listing of conferences and work-
shops listed with their associated abstract list, together with their authors.

‘ Composite Object ‘ Publ_Year

{ { ESYr_Year
EEY r_SpecialEvents

1.n

n

n

Component A Publ_M onth
—

] BB onth_Name

a. UML Notation for a Homogeneous Composition

featuring Many to Many relationship b. Homogeneous Composition example (n:m)

Fig. 3. Figures 3(a) and 3(b): Homogeneous composition (Case 2)

Due to page limitations, in this paper, we provide only a very brief discussion on
capturing and modeling user requirements, as it can be found in many published lit-
eratures in this area such as [21]. In the next section, we outline our proposed XDW
conceptual with embedded examples to highlight some important model concepts.



Conceptual Design of XML Document Warehouses 7

0o
User Requirement Model
Requirements

- S

" — S
User Requirement Level — \..__\_“

- ey

Virtual Dimension Virtual Dimensions Virtual Dimensions
(XML Conceptual View) (XML Conceptual View) (XML Conceptual View)

XML Conceptual Viemgvel

XML
FACT
Repository
XDW Model

XML
Documents

XML
Documents
(Transactions)

XML
Documents

(Transactions) (Transactions)

XML Operational (T

Fig. 4. XDW Context Diagram

2 XML Document Warehouse Model

The XDW model outlined below, to our knowledge, is unique in its kind as it is util-
izes XML itself (together with XML Schema) to provide; (a) structural constructs, (b)
metadata, (c) validity and (d) expressiveness (via refined granularity and class de-
compositions). The proposed model is composed of three levels (1) User Require-
ment Level, (2) XML Warehouse Conceptual Level and (3) XML Schema Level. A
context diagram of this model is given in Figure 4, below. The first level, the user
requirement level composes of two elements; (a) warehouse user requirement docu-
ment and (b) OO requirement model which includes UML use-case diagrams and
descriptions. The second level of the XDW model is composed of the XML FACT
repository (XFACT, discussed in Section 2.4 below) and the dimensions that satisfy
warehouse user requirements captured. The (XML) Schema level of the model in-
volves transformation of the conceptual model into XML Schema.

2.2 User Requirement Level

The first level of the XDW model captures the warehouse end-user requirements. As
opposed to the classical data warehouse models, this requirement model does not
consider the transactional data as the focal point in the design of the warehouse. The
XDW model is designed based on the user requirements. The transactional
data/documents are considered only to refine existing user requirements, if such a
need arises. This level is further divided into two more sub-components, which are
discussed below.
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2.2.1 Warehouse User Requirements

The warehouse user requirements correspond to written, non-technical outline of the
XML warehouse. These are usually the typical or the predictable results expected of
an XDW. Also, these user requirements can be further refined and/or enhanced by the
participation of domain experts or the operators of the transactional system in ques-
tion. In addition, further refinement can be added to this model by using approaches
that generate user requirement documents such as analysing frequent user query pat-
terns [21] or other automated approaches.

2.2.2 0O Requirement Model

The OO requirement model transforms all non-technical user requirements into tech-
nical, software model specific concepts using UML (actors, use-case, and objects) to
represent. Again, the OO requirement model can be further refined through the in-
volvement of domain experts, system analysts, programmers or the operators of the
transactional system.

2.3 XML Warehouse Conceptual Level in UML

The process of deriving the XDW conceptual model involves taking the formalized
user requirements expressed in UML and then validating them against the XML
transactional system to check for data availability. In the case of no or lack of transac-
tional data highlights ambiguous the user requirements (which has to be re-defined
and/or modified) for future warehouse requirements. At a later stage during the trans-
actional system maintenance, these will then be considered as the future user re-
quirements.

The XDW conceptual model is composed of; (1) an XML FACT repository
(xFACT) and (2) a collection of logically grouped conceptual views. The xFACT is a
snapshot of the underlying transactional system/(s) for a given context. A context is
more than a measure [1] [7] or an item that is of interest for the organization as a
whole. In classical data warehouse models, a context is normally modeled as an ID
packed FACT and associated data perspectives as dimensions. Usually, due to con-
straints of the relational model, a FACT will be collapsed to a single table, with IDs
of its dimension/(s), thus emulating (with combination of one or more dimension/(s))
a data cube (or dimensional data). A complex set of queries is needed to extract in-
formation from the FACT-Dimension model. But, in regards to XML, a context is
more than a flattened FACT (or simply referred to as meaningless FACT) with em-
bedded semantics such as those explained Section 1.2 as well as with non-relational
constructs such as set, list, and bag. Therefore, we argue that, a meaningless FACT
does not provide semantic constructs that are needed to accommodate an XML con-
text.

The role of conceptual views is to provide perspectives to the document hierarchy
stored in XFACT repository. Since conceptual views can be grouped into logical
groups, each group is very similar to that of a subject area (or class categories) [2]
[20] in Object-Oriented conceptual modeling techniques. Each subject-area in the
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XDW model is referred to as Virtual Dimension (VDim) to keep in accordance with
dimensional models. VDim is called virtual; since it is modeled using XML concep-
tual views [10a] (which is an imaginary XML document) and behaves as a dimension
in the given perspective. The following sections discuss in detail the modeling of
VDims, xFACT repository and the issues associated with them.

2.4 XML FACT Repository (xFACT)

XML FACT repository (xFACT) is composed of an XML Schema, which is con-
structed from the XDW conceptual model and its XML document (formed from the
transactional XML document sources). It is a snapshot of the underlying transactional
system/(s) for a given context. A context is a meaningful collection of classes and
relationships, which is designed to provide perspectives (with the help of one or more
conceptual views) for business intelligence. Due to page limitation, we only presented
some fragments (see Section 1.2) of the xFACT (XML) Schema, which provides the
metadata and validity for the XFACT repository.

2.4.1 Meaningful FACT

In building the XFACT, we vary from modeling traditional data warehouse flat FACT
tables such that, we add meaning. That is to say, the XFACT is more semantically
descriptive due to its interconnected relationships and decomposed hierarchical struc-
tures (Figure 5). The relationships considered in XFACT are not restricted to associa-
tion (1:1, 1:m, n:m) relationships, but also homogenous composition (with shared
aggregation with cardinality 1:n and n:m) specialization/generalization and ordering
as discussed in Section 1.2. We utilize XML schema definition language to describe
the xFACT semantics (classes, relationships, ordering and constraints). Therefore,
modeling of the XFACT is constrained only by the availability of XML schema ele-
ments and constructs.

Figure 5 shows the complete model of the XFACT designed for our case study,
where the real-world object Publications is hierarchically de-composed into
Publ Papers and Publ_ Conference. Publ_Papers is further decomposed (with
ordering) into Publ Abstract, Publ Contents and Publ References. Such
decompositions are necessary to provide granularity to a real-world object and if
needed, additional semantics can be added at the design time at different levels of
hierarchy. For example, the Publ Conference class hierarchy is decomposed with
additional semantics such as Publ_Region, Publ_Country and Publ_City. An-
ther example is the relationship between the parent class Publ Person and the de-
rived sub-classes Publ_Referee and Publ_Author, which form a generalization
relationship (ISA).

Since the flexibility of XML Schema in handling complex structures is greater
than any other model, it provides extra intuition to make the XFACT table as expres-
sive as possible. In addition, the process of iterative refinement of user requirements
conducted at the design stage helps in modeling such a FACT. Building the xFACT
provides the well-defined repository for designing/constructing of expressive VDims.
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Publications

EEPubl_INDEX
EEPubl_ISBN

[EEPubl_Publisher

EHPubl_Title Publ_Research_Area

EEPubl_Editors [P ubl_ResearchArea
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EEPubl_Postcode
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Publ_Conference
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EEConf Name
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EECity_SpecialEvents

1.n
Publ_Day

E¥Inst_ContactNOs
E¥Inst_AddressLinel

Publ_Section
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BlLoc_LocationD
BELoc_RoomNo

may have
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Fig. 5. The complete XFACT of the example case study

2.5 Virtual Dimensions

EESection_Title
[ Section_Contents
BlSection_Figures

HSectionfTables

E8Inst_AddressLine2
Bfinst_City
E8Inst_Postcode
E8Inst_Country

A user requirement, which is captured in the OO Requirement Model is transformed
into one or more Conceptual Views [10a] in association with the XFACT. These are
typically aggregate views or perspectives of the underlying stored documents of the
transaction system/(s). In addition, if required, further constructs (such as computed
attributes or joint values) can be added to the conceptual view/(s) to satisfy the under-
lying user requirement. A valid user requirement is such that, it can be satisfied by
one or more XML conceptual views for a given context (i.e. XFACT). But a typical
situation may arise where, a user requirement exists for which there is no transac-
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tional document or data fragment exists to satisfy it. If this does occur, further en-
hancements are made to the user requirement to make it feasible to model with the
existing XFACT. Such situation indicates that there is no transactional document or
document fragment to satisfy the end user requisite. Therefore modeling of VDim is
an iterative process where user requirements are validated against the XFACT in con-
junction with the transactional system.

<<VDim>>
Abstarct_List

<<VDim>>
A-Z_Author_List

o

<<VDim>>
Authors_By_lInsit, <<\Dim>> Abstract_List_by_Year
itute ‘ Authors_By_Conference / \
- ¥
<$VDIm>> <<VDim>> <<VDim>>
A-Z_List_By_Years Abstract_List_by_Keyword Abstract_List_By_Conference

Fig. 6. A conceptual view hierarchy with Fig. 7. VDim “Abstract” Package Contents
<<construct>> stereotype

A VDim is modeled at the XDW conceptual level using a new UML stereotype
called <<vDim>>. This stereotype is similar to a UML class notation with a defined
set of attribute and methods. The method set can be either constructors (to construct a
VDim) or manipulators (to manipulate the VDim attribute set). Also note that we
model the relationship between an XFACT and a VDim with a dashed, directed line,
denoting the <<constructs>> stereotype (shown in Figure 6-7). Though VDims can
have additional semantic relationships such as generalization, aggregation, associa-
tion [10a] [10b], such relationships can be shown using standard UML notations. In
addition to this, two VDims can also have <<construct>> relationships depending
on dependencies (e.g. Figure 7, between VDim Abstract List by Year and
VDim Abstract_List by Keyword).

Definition 1: One Virtual Dimension composes of one (or more logically grouped)
conceptual view, thus satisfying one (or more logically related) user document ware-
house requirement/(s).

2.5.1 UML Packages as Dimensions

Earlier, we stated that semantically related conceptual views could be logically
grouped together as grouping classes into a subject area. Further, a new view-
hierarchy and/or constructs can be added to include additional semantics for a given
user requirement. In the XDW conceptual model, when a collection of similar or
related conceptual views are logically grouped together, we called it aggregated or
grouped Virtual Dimension (Figures 6-7), implying that it satisfies one or more logi-
cally related user requirement/(s). In addition, we can also construct additional con-
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ceptual view hierarchies such as shown in Figures 6-7. These hierarchies may form
additional structural or dependency relationships with existing conceptual views or
view hierarchies (grouped VDims) as shown in Figures 8-9. Thus it is possible that a
cluster of dimensional hierarchy/(ies) can be used to model a certain set of user re-
quirement/(s). Therefore we argue that, this aggregate aspect can give us enough
abstraction and flexibility to design a user-centered XDW model.

<<VDim>> : - <<VDim>>
Authors SIS - Abstracts
Abstracts <<VDim>> <<VDim>>
Conference_List Authors
N i
- \*' ‘
<<VDim>>
Abstarct_List_By_Author
Proceedings (xFACT)
<<VDim>>
absEESEByRAoRbyRY sl Fig. 9. “Authors”, “Abstracts” & “Conference_List”

package

Fig. 8. A VDim hierarchy (derived
from grouped VDims)

In order to model an XML conceptual view hierarchy or VDim and capture the
logical grouping in among them, we utilize the package construct in UML. Accord-
ing to OMG specification;

“A package is a grouping of model elements. Packages themselves may be nested
within other packages. A package may contain subordinate packages as well as other
kinds of model elements. All kinds of UML model elements can be organized into
packages.” [12].

This in practice describes our logical grouping of XML conceptual views and their
hierarchies. Thus we utilize packages to model our connected dimensions (Figure 8).
Following the similar arguments above, we can show that, the XFACT (shown in
Figure 5) can be grouped into one logical construct and can be shown in UML as one
package. In Figures 9 & 10, we show our case study XDW model with xXFACT and
VDims connected via <<constructs>> stereotype.

In summary, we gradually introduced the XDW conceptual model in UML and
fragments from sections 2.3 — 2.5. First the complete XFACT model is shown in Fig-
ure 5 while the XFACT stereotype of ordering is shown in Figure 1. The xFACT
semantic relationships are shown in Figures 2, 3 & 4. Then we introduced virtual
dimensions (VDim, shown in figures 7,8 & 9) with the <<construct>> stereotype.
Later the complete XDW model (similar to that of the Star Schema for relational
model) is shown in figures 9, & 10 using the UML package construct. Please note
that, due to space limitations, the attributes set of the VDim and that of some xFACT
classes are not shown. Also, in the xFACT class hierarchy, the cardinality of the
composition and the association relationships should be treated as 1, unless specified.
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<<VDim>> <<VDim>>
Conference_List Abstracts
= 7 T~

/ -

Proceedings (xFACT)

<<VDim>>
Abstract_List_By_Author

~ N / |

\
/ &“ / ‘
<<VDim>> -
Publication_List <<VDim>> <<VDim>>
- Authors Abs_Lst_By_Author_By_Year

Fig. 10. XDW Conceptual Model (in UML)

3 Conclusion and Future Work

XML has become an increasingly important data format for storing structured and
semi-structured text intended for dissemination and ultimate publication in a variety
of media. It is a markup language that supports user-defined tags and encourages the
separation of document content from presentation. In this article, we present a coher-
ent way to integrate a conceptual design methodology to build a native XML docu-
ment warehouse. The proposed XML design methodology consists of user require-
ment level, warehouse conceptual level and XML Schema level, which capture
warehouse user requirements and the warehouse model respectively. The only model
we did not discuss here in detail is the OO user requirement model, as many litera-
tures exist for that purpose.

For future work, a lot of issues deserve investigation. The first subject matter is the
mapping of the conceptual model in XML Schema level. This includes converting
the xFACT and VDim into XML Schema using the transformations discussed in the
papers [6] and [23]. In the case of VDims, this is actually the transformation of be-
tween the conceptual views into XML View [10a] [10b] schemas. Other steps in our
future work include; (a) the techniques to map operational XML documents to
xFACT (the equivalent of the classical data warehouse Extract-Load-Transform proc-
ess), (b) access the data warehouse including XML queries for OLAP processing and
(c) aggregate functions.
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Abstract. There has been a lot of work to optimize the performance of rela-
tional data warehouses. Three major techniques can be used for this objective:
enhanced index schemes (join indexes, bitmap indexes), materialized views, and
data partitioning. The existing research prototypes or products use materialized
views alone or indexes alone or combination of them, but none of the prototypes
use all three techniques together for optimizing the performance of the relational
data warehouses. In this paper we show by a systematic experiment evaluation
that the combination of these three techniques reduces the query processing cost
and the maintenance overhead significantly. We conduct several experiments and
analyse the situations where the data partitioning gives better performance than
the materialized views and indexes. Based on rigorous experiments, we recom-
mend the tuning parameters for better utilization of data partitioning, join indexes
and materialized views to optimize the total cost.

1 Introduction

Data warehousing technology uses the relational data schema for modeling the under-
lying data in a warehouse. The warehouse data can be modeled either using the star
schema or the snowflake schema. In this context, OLAP queries require extensive join
operations between the fact table and dimension tables [11,15]. To improve the query
performance, several optimization techniques were proposed; we can cite materialized
views [1,2,3,10,16], advanced indexing techniques including bitmapped indexes, join
indexes (for supporting star queries), bit-sliced indexes, projection indexes [7, 8, 9, 14,
16] and data partitioning [4, 5, 12]. The data table can be fragmented into three ways:
vertically, horizontally or mixed. In the context of relational warehouses, the previous
studies show that horizontal partitioning is more suitable. Commercial RDBMSs like
Oracle9i offer various options to use horizontal partitioning: Range, Hash, and Hybrid.
This type of horizontal partitioning is called primary horizontal partitioning and it can
be applied to dimension tables. Another type of horizontal partitioning is called derived
horizontal partitioning [4]. It consists in decomposing a table based on the fragmen-
tation schema of another table. For example, let us consider a star schema with three

Y. Kambayashi et al. (Eds.): DaWaK 2004, LNCS 3181, pp. 15-25, 2004.
(© Springer-Verlag Berlin Heidelberg 2004
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dimension tables (Customer, Time and Product) and a fact table Sales. The former ta-
ble can be decomposed into two fact fragments Sales; and Sales, that represent all
sales activities for only the male customers and all sales activities for only the female
customers, respectively. This means that the dimension table Customer is virtually par-
titioned using range partitioning on Gender column.

In this paper, we conduct experiments to show the effect of the combination of the
three major optimization techniques by using the APB1 benchmark [13] under Oracle
9i. Along this study, the effect of updates (append and delete operations) is consid-
ered. Since the derived horizontal partitioning is not directly supported by commercial
RDBMSs like Oracle9i, we present an implementation to make it operational (in this
paper, we use fragmentation and partitioning interchangeably).

The paper is organized as follows: in Section 2, we introduce the necessary back-
ground and we present our explicit solution to implement the derived horizontal par-
titioning in commercial systems; in Section 3, we present experiments for comparing
joins indexes and partitioning and we summarize the main tuning recommendations
when using the three techniques; in Section 4 we present experiments for exploring the
combination of the three techniques; Section 5 concludes and points some perspective.

2 Background

2.1 Benchmark

For our study, we use the dataset from the APB1 benchmark [13]. The star schema of
this benchmark has one fact table Actvars and four dimension tables:

Actvars(Product_level, Customer_level, Time_level, Channel_level, UnitsSold, DollarSales,
DollarCost) (24 786 000 tuples)

Prodlevel(Code_level, Class_level, Group_level, Family_level, Line_level, Division_level)
(9000 tuples)

Custlevel(Store_level, Retailer_level) (900 tuples)

Timelevel(Tid, Year_level, Quarter_level, Month_level, Week_level, Day_level) (24 tuples)

Chanlevel (Base_level, All_level) (9 tuples)

Two new attributes, week_level and day_level have been added to Timelevel table
to facilitate an adequate management of updates (see section 2.3). This warehouse has
been populated using the generation module of APB1. This warehouse has been in-
stalled under ORACLE 9i on a Pentium IV 1,5 Ghz microcomputer (with a memory of
256 Mo and two 7200 rps 60 Go disks) running under Windows 2000 Pro.

2.2 Workloads

The workloads used for our experiments focus on star queries. Each one has local re-
strictions defined in the involved dimension tables. We consider restrictions defined
with predicates having only equality operator: A = value, where A is an attribute name
of a dimension table and value € domain(A). When a query Q; of a workload involves
such a restriction, the workload that we consider will have n; potential queries, where
n; represents the cardinality of domain(A). In other words, there is a potential query
for each different value of domain(A). Q; is called a parameterized query, and Q;(n;)
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denotes its set of potential queries. For example, if we consider the parameterized query
involving the predicate gender = “M”, the workload will have 2 potential queries: one
with the previous predicate and another with gender = “F”.

2.3 Update Operations

Since the materialized views and indexes are redundant data structures, they should
be maintained periodically to reflect the interactive nature of the data warehouse. The
cost of maintaining materialized views, indexes and even fragments should be taken
into account when combining these three techniques in order to reduce the maintenance
overhead. In this study, we incorporate updates into the workload. We suppose that they
occur at regular intervals and a certain number of queries are executed between two
updates. Based on the periodicity of updates, we consider two scenarios (that keep the
size of the data warehouse constant):

1. UD (that means that Updates occur each Day). It consists in deleting the N oldest
tuples of the fact table and inserting N new tuples (N is equal to the average activity
of a day). Since our warehouse memorizes 24 786 000 tuples in the fact table for
a period of 517 days, the activity of one day corresponds to an average of 47942
tuples. So, with this scenario, 47 942 old tuples (of the fact table) are deleted and
47 942 new tuples are inserted.

2. UW (that means that Updates occur each Week). This scenario is similar to the pre-
vious one, except that the periodicity of the update operations is a week. Therefore
335594 old tuples are deleted and 335 594 new ones are inserted in the fact table.

For these scenarios, we measure the time that Oracle uses to execute all operations
(updating the raw data, the materialized views, the indexes and the fragments).

2.4 Cost Models for Calculating the Total Execution Time

Let S be a set of parameterized queries {Q1,0z,...,0n}, where each Q; has a set of
potential queries (Q;(n;)). To calculate the total time to execute S and one update, we
use two simple cost models called Independent_Total_Time(TI) and Proportional To-
tal_Time(TP). In TI, we suppose that the frequencies of the queries are equal and inde-
pendent of the number of potential queries Q;(n;). In the second one, the frequency of
each Q; is proportional to its n;. Each model (TT and TP) will be used under the scenar-
ios UD (where we consider TID and TPD) and UW (by considering TIW and TPW).
Let #(O) be the execution time of an operation O (that can be a query, an UD or an UW).
We define four cost models according to each models: TID, TIW, TPD, and TPW and
defined as follows:

TID(o) = (Y, , 1(Q:)) +1(UD) (1)
TIW(a) = o (Zi:hmt(Q,-)) +1(UW), where o is a positive integer, (2)
TPD(B%) = 0.01 B (Y., , ni*1(Q;)) +1(UD) 3)
TPW(B%) = 0.015Bx (¥,  ni*t(Q:)) +1(UW) “)
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where B is an integer taken in the interval [0, 100]. In other words, TID(o) and TIW (o)
give the total time needed to execute o times each query plus an update. TPD(0%) and
TPW(0.%) give the total time required to execute f% of the potential queries plus an
update.

2.5 An Implementation of the Derived Horizontal Partitioning

To partition dimension tables, Oracle provides several techniques: range, hash and hy-
brid partitioning. The attributes used for partitioning are called fragmentation attributes.
Oracle and the existing commercial systems do not allow partitioning of the fact table
using a fragmentation attributes belonging to a dimension table, as we will illustrate in
the following example.

Suppose that we want to partition the fact table Actvars based on the virtual frag-
mentation schema of the dimension table ProdLevel (we assume that this former is
partitioned into 4 disjoint segments using the attribute class_level). This will accelerate
OLAP queries having restriction predicates on Class_Level. Based on this fragmenta-
tion, each tuple of a segment of the fact table will be connected to only one fragment of
dimension ProdLevel. To achieve this goal (fragmenting the fact table based on the frag-
mentation schema of ProdLevel), we partition the fact table using one of the different
partitioning modes (Range, Hash, Hybrid) available in the commercial systems based
on the foreign key (Product_level)!. This fragmentation will generate 900 fact segments
instead of 4 segments”. This example motivates the need of a mechanism that imple-
ments the derived fragmentation of the fact table. To do so, we propose the following
procedure:

1-Let A = {Ay,...,A,} be the set of fragmentation attributes.
2-Foreach A;(1 <i<p)do
2.1- Add a new column (attribute) called connect; (whose domain is an integer)
in the fact table. %This column gives the corresponding segment of each tuple of the fact
table. For example, if the value of connect; of a given column is 1; this means that this tuple is
connected (joined) to the segment 1 of the dimension table used to partition the fact table%
2.2- For each tuple of the fact table, instanciate the value of connect;.
3- Specify the fragmentation of the fact table by using the attribute connect; with one
of the partitioning modes (range, hash, hybrid, etc.).

To take into account the effect of data partitioning, the queries must be rewritten
using the attribute connect;. This implementation needs extra space (for storing the
attribute(s) connect;). It requires also an extra time for the update operations.

! The foreign key is the single attribute that connects the fact table and the dimension table.
2 The number of fragments of the fact table is equal the number of fragment of the dimension
table.
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3 Comparing Derived Partitioning and Join Indexes

3.1 Queries

For this comparison, we consider separately eight queries Q1 to Q8. The queries Q1 to
Q5 have one join operation and one restriction predicate. The queries Q6 to Q8 have
two joins operations and two restriction predicates. Each restriction predicate has a
selectivity factor. The workload and the star schema used in our experiments are given
in [6] (due to the space constraint).

3.2 Experimental Results

To identify the situations where the use of derived partitioning is interesting, we have
conducted three series of experiments: (1) without optimization techniques; (2) only
data partitioning is used (and depends on each query), and (3) only join indexes are
used. When the data partitioning is used, we have considered for each query, a number
of partitions equal the number of different values of its restriction attribute. Based on
this number, we use the range mode (R) when it is small, otherwise, the hash mode
(H) is used. The hybrid mode is used when queries have two join operations and two
restriction predicates.

Table 1. The results for the first serie (without optimization techniques)

Ql Q2 [ Q3 Q4 [ Q5 [Q6] Q7 | Q8
Query time(s) | 106 | 61 | 63 | 53 | 54 | 61 | 59 56
UD (s) 68 | 68 | 68 | 68 | 68 | 68 | 68 68
UW (s) 75 |75 |75 75 | 75 | 75 | 75 75
TID(1) 174 | 129 | 131 | 121 | 122 | 129 | 127 | 124
TID(10) 1128 | 678 | 698 | 598 | 608 | 678 | 658 | 628
TPD(5%) (s) 89 | 105 | 118 | 269 | 878 | 214 | 493 | 2588
TPD(25%) (s) 174 | 251 | 320 | 1075 | 4118 | 800 | 2192 | 12668
TIW(1) 181 | 136 | 138 | 128 | 129 | 136 | 134 | 131
TIW(10) 1135 | 685 | 705 | 605 | 615 | 685 | 665 | 635
TPW(5%) (s) 96 | 112 | 125 | 276 | 885 | 221 | 500 | 2595
TPW(25%) (s) | 181 | 258 | 327 | 1082 | 4125 | 807 | 2199 | 12675

When the join indexes are used, we select one index for the queries with one join
and two indexes for those with two joins. For each query, we report the extra space used
either by the partitioning or by the indexes, the query time, the update time for UD and
UW, TID(o) and TIW(0r) for two values of o1 and 10), the values of TPD(B%) and
TPW(B%)) for two values of B (5 and 25). The results are reported in the three tables
Table 1, Table 2, Table 3 (one for each series).

3.3 Comments

Based on these results, the following comments are issued:

Query Time: We observe that partitioning gives a profit even for a low selectivity. The
profit is very important with a high selectivity (when the number of different values for
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a restriction attribute is greater than 50). Join indexes give also a profit as soon as the
selectivity is sufficiently high (more than 10 different values for the selection attribute).
But partitioning gives better results compared to join indexes.

Update Time: Join indexes are in general much more efficient than partitioning. Par-
titioning performs as well as indexes only for low selectivity and for daily updates.
With partitioning, it is important to limit the number of partitions (less than 100 for
our benchmark), otherwise the update time becomes very high. Therefore, we need to
partition the fact table into a reasonable number of segments.

TI and TP Model: It appears that partitioning is in general much more interesting
than join indexes. Join indexes give better results only for high selectivity and small
values of o and [ (this means that the query frequency is almost the same as the update
frequency).

These series of experiments summarize the following tuning recommendations
when optimizing a parameterized query:

Rule 1: Data partitioning is recommended when (1) the selectivity factor of restriction
predicate used in the query is low or (2) when the frequency of the update operation is
low compare to the query frequency.

Rule 2: Join indexes are recommended when (1) the selectivity is high or (2) when the
frequency of the update is similar to the query frequency.

In addition it is important to note that partitioning requires an additional space more
significant than those required by indexes. But it remains acceptable (10% of the total
space occupied by the warehouse if the number of partitions is limited to 100). This
additional space is justified by the fact of adding a new column (connect) in the fact
table (see Section 2.3).

Table 2. Results for the second serie (data partitioning) (the best score for the three situations is
represented in bold)

Q1 Q2 [Q3 Q4 Q5 Q6 Q7 Q3

Number of 4 12 15 75 300 48 144 900
partitions (4R) |(12R) | (15R) | (75H) | (300H) | (4R*12H) | (12R*12H) | (12R*75H)
Extraspace (Mo) |74 | 90 123|170 | 194 156 174 431
Query time (s) 53 |9 13 4 1 11 2 1
UD (s) EED 70 88 112 86 105 135
UW (s) 105 |92 121|154 |199 144 164 220
TID(1) 122 |19 83 92 113 97 107 136
TID(10) 599 160 [200 |128 |122 196 125 145
TPD(5%) (s) 80 |75 80 103|127 112 119 180
TPD(25%) (s) 122 |97 122|164 | 187 218 177 360
TIW(1) 158|101 |134 [ 158|200 155 166 221
TIW(10) 635 |182 |251 |194 | 209 254 184 230
TPW(5%) (s) 116 |97 131|169 | 214 170 178 265
TPW(25%) (s) 158|119 [173 230 |274 276 236 445
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Table 3. Results for the third serie (join indexes) (the best score for the three situations is repre-
sented in bold)

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8
Join indexes I J12 113 J14 JI5 JIIHI2 JI2+J13 J2+]14
Extra space (Mo) 11 8 20 35 59 19 28 43
Query time (s) 152 24 57 26 8 19 9 3
UD (s) 69 69 71 69 68 68 71 69
UW (s) 98 99 101 101 104 109 110 110
TID(1) 221 93 128 95 76 87 80 72
TID(10) 1589 309 641 329 148 258 161 929
TPD(5%) (s) 99 83 117 168 188 114 136 204
TPD(25%) (s) 221 141 299 563 668 296 395 744
TIW(1) 250 123 158 127 112 128 119 113
TIW(10) 1618 339 671 361 184 299 200 140
TPW(5%) (s) 128 113 147 200 224 155 175 245
TPW(25%) (s) 250 171 329 595 704 337 434 785

Q10 :
Q13 ? ........... Aggregation
........... Join operation

IED AN o
Chanlevel o

< J R
Prodlevel
/ N Actvars Timelevel

Actvars Timelevel a

Fig. 1. The materialized views V1 to V4 used in case 2 and in case 3

4 Combining the Three Techniques

4.1 The Queries and the Cases

To evaluate the result of combining the three techniques, we conduct experiments using
six SJA (Select, Join, Aggregation) queries noted Q9 to Q14. All queries are parameter-
ized, except the query Q14. To capture the effect of the data partitioning, the number of
restriction predicates in each query (except the query Q14) is equal the number of join
operations.

Since a fragment is a table, the three techniques can be combined in various ways:
selecting indexes and/or views on a partitioning, installing indexes and/or partitions on
views, selecting views and indexes separately. We consider the following cases:
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Case 0 (for comparison purpose): None optimization technique is considered;

Case 1 (to test separately the ability of a set of joins indexes): The four join indexes
JI1 on actvars (timelevel.month_level), JI2 on actvars(prodlevel family_level), JI3 on
actvars(prodlevel.grouplevel), JI4 on actvars(chanlevel.all level);

Case 2 (to situate separately the performances of a set nested materialized views): The
three nested views of figure 1a;

Case 3 (idem as the previous one with one view more): The views of figure la and
figure 1b;

Case 4 (to show the interest of associating a star transformation with join indexes):
The star transformation® with the four join indexes of case 1, plus the bitmap index
incorporating the join with Timelevel, plus the view V4 of figure 1b;

Case 5 (to evaluate the partitioning): The derived partitioning into 96 partitions using
month_level (12R) + all_level (8H) (R and H mean Range and Hash, respectively);
Case 6 (to test partitioning): The derived partitioning into 72 partitions using all_level
(9R) + family_level (8H);

Case 7 (to test partitioning): The derived partitioning into 144 partitions using all_level
(9R) + family_level (16H);

Case 8 (to test partitioning in association with indexes): The derived partitioning into
72 partitions using all_level (9 R) + family_level (8H), plus the bitmap index on act-
vars(derived attribute of month_level), plus the join index JI3;

Case 9 (to test partitioning): The derived partitioning into 96 partitions using
month_level (12R) + H(family_level (§8H);

Case 10 (to test partitioning in assocition with index): The derived partitioning into 96
partitions using month_level (12R) + H(family_level (§8H) plus the join index JI3

Case 11 (to test partitioning in association with index): The derived partitioning into
96 partitions using month_level (12R) + H(family_level (8H), plus the join JI3, plus the
view V4 of figure 5b.

4.2 Experimental Results and Comments

The results obtained for these 12 cases are reported in table 4 (ES means extra space).
The execution times are given in seconds. In table 4 we found also the extra space
which is needed to install the different objects (indexes, views, partitions), the values
of TID(aot) and TIW(PB) for two values of o (1 and 10), the values of TPD(B%) and
TPW(B%)) for two values of B (1 and 10).

When partitioning is used, the number of partitions should be limited to a reason-
able value (less than 100 for our benchmark). With a number of partitions greater than
100, the time used for the updates becomes very high. Moreover some partitioning can
disadvantage queries (for example case 6 for Q9 and Q13). Update times are highest
when materialized views are used. This limits seriously the interest of the views in this
kind of situations. However some configurations can give good global results despite

3 The star transformation is a powerful optimization technique that relies upon implicitly rewrit-
ing (or transforming) the SQL of the original star query. The end user never needs to know
any of the details about the star transformation. Oracle’s cost-based optimizer automatically
chooses the star transformation where appropriate.
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Table 4. The results of the experiments for studying the combination of the three techniques (best
score in bold, second score in grey)

Case Q9 [QI0[QIT[QI2[QI3[Ql4 |UD |UW |[TID |[TID | TIW | TIW | TPD | TPD TPW | TPW

ES M laoy [@ [ao |aw | aow | a%) | 10%)
0 61| 59| 65| 63| 58| 102 | 65| 74| 473 | 4145|482 | 4154 | 8383 | 81216 | 8392 81225
1 158 | 28 5 3129 1102 76| 138|244 | 1756 | 306 | 1818 | 600 | 5587 | 662 5649
2 301 | 12 1 1] 77 10| 103 | 131|292 | 335 | 2171 | 496 | 2332 - - - -
3 302 | 12 1 1| 77| 10 1]147 [ 390 | 249 | 1167 | 492 | 1410 - - - -
4 167 | 29 5 21 20 1 1 [ 113236171 | 693 294 | 816 | 494 | 4805 | 617 4928
5 279 | 151 10 41 31 ) 36| 97| 90| 145|283 | 2020 | 338 | 2075 | 2012 | 19445 | 2067 19500
6 268 | 78 | 12 1 1] 71 97 | 98 | 185 [ 358 | 2698 | 445 | 2785 | 2860 | 29879 | 2947 29966
7 297 197 6 1 1] 91]126] 161 | 217 | 483 | 3381 | 539 | 3437 [ 3592 | 36628 | 3648 36684
8 303 146 | 12 1 2 1| 97 122|258 | 281 [ 1712 | 417 | 1848 | 367 | 4664 | 503 4800
9 279 | 16 2 1] 12 35| 97| 90| 164 [ 253 | 1720 | 327 | 1794 | 1533 | 15936 | 1607 16010
10 305 | 15 2 1] 12 1] 97| 96 [ 176|224 | 1376 | 304 | 1456 | 315| 3701 | 395 3781
11 305 | 16 2 21 12 1 1]169]485]1203| 509|519 | 825| 468 | 4576 | 784 4892

high update times and views can be profitable in association with others techniques.
Materialized views are profitable for parameterized queries if we select a view for each
value of the parameter. In general, this is not acceptable due to the huge storage and
update time that we should allocated to them (materialized views). We observe also that
the extra space needed to install the objects (indexes, views, partitions) remains less
than 300 Mo (i.e. about 15% of the total space occupied by the warehouse).

The important observation is that join indexes alone, or materialized views alone,
or partitioning alone do not provide the best results for TI or for TP. Best results are
obtained when two or three techniques are combined: case 4 which combines through a
star transformation the join indexes, a bitmap index and a view; case 10 which combines
partitioning and a join index; case 11 which at more associates a view. Case 4 is well
suited for TT but not for TP. Case 10 and 11 give good results both for TI and for TP.
Combinations involving partitioning are recommended when the database administrator
wants to optimize parameterized queries first.

We observe also that some configurations are good for several situations. It would
be very interesting to determine such robust configurations since they remain valid after
some changes in the use of the data warehouse (changes in the frequencies of queries,
changes of queries, ...).

5 Conclusion

The objective of this paper was to explore the possibilities of combining materialized
views, indexes and partitioning in order to optimize the performances of relational data
warehouses. Firstly, we have proposed an implementation of derived horizontal parti-
tioning that allows the use of different modes of partitioning available (like range, hash
and hybrid). We have compared join indexes and horizontal derived partitioning. Our
results show that partitioning offers better performance (for query processing time),
especially when the selectivity of the restriction predicates is low. With regard to the
updates, it is less interesting, primarily when the number of partitions is high. When
updates and queries interleave, a partitioning on an attribute A with n different values
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is advantageous as soon as a parameterized query on A is executed more than 0.05%*n
times between two updates. This work shows that the two techniques are rather com-
plementary. There is thus interest to use them jointly as it had been already underlined
through a theoretical study [5].

We have further compared different configurations mixing the three techniques to
optimize a given set of queries. It appears that each technique used alone is not able to
give the best result. Materialized views contribute in optimizing parameterized queries,
but they require huge amount of storage (but they remain a good candidate for optimiz-
ing non parameterized queries). Along these experiments, two performance scenarios
are distinguished: the first one is based on a star transformation with join indexes with
complementary structures such as bitmap indexes or views; another one based on parti-
tioning with complementary structures such as join indexes or views. We have noticed
that the second scenario is robust since it gives good results for different situations.

Our experiments do not cover all the various uses of a warehouse. Different points
should be explored in the future such as: the consideration of other types of queries
(those having restrictions with OR operations, nested queries, etc.); the influence of
other kinds of updates. Nevertheless, these results allow us to list some recommenda-
tions for better tuning the warehouse: (1) the horizontal derived partitioning can play an
important role in optimizing queries and the maintenance overhead, (2) incorporation of
updates into the workloads may influence the selection of materialized views, indexes
and data partitioning, (3) partition the fact table into a reasonable number of fragments
rather having a huge segments. We think that these recommendations open the way for
new algorithms for selecting simultaneously fragments, indexes and views in order to
accelerate queries and optimize the maintenance overhead.
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Abstract. Data Warehouse (DW) is a dimensional database for providing decision
support by means of on-line analytical processing (OLAP) techniques. Another
technology also used to provide decision support is Geographical Information Sys-
tem (GIS). Much research aims at integrating these technologies, but there are still
some open questions, particularly regarding the design of a geographical dimen-
sional data schema. This paper discusses some related work and proposes
GeoDWFrame that is a framework based on the star schema and has been specified
as guidance for designing geographical dimensional schemas. Some experimental
results are also given.

1 Introduction

Data Warehouse (DW) [1,2,3,4] and On-Line Analytical Processing (OLAP) [4,5] are
traditional technologies for decision support. DW is a dimensional database that is
organised over two types of tables: 1) dimensions — address descriptive data and 2)
facts — address measuring data. According to Kimball [2,3], most useful facts are
numerical, additive, and continuously valued and the dimensional data are intrinsi-
cally desnormalized and normally organized in hierarchical structures to support
different levels of aggregation. Another kind of dimensional database is a Data Mart
(DM) [1,2,3,4], which can be defined as a specific or departmental DW'. Regarding
OLAP, it is a specific software category for providing strategic and multidimensional
queries over the DW data.

Another technology for decision support, but specifically inside of a spatial con-
text, is the Geographical Information System (GIS) [6,7]. This system helps in acquir-
ing, manipulating, examining and presenting geo-objects. Each one of these objects is
composed of its descriptive information (conventional data) and its geographical
reference (geometrical data). These objects are viewed as maps that can be combined,
one above the other, in order to provide layers of geo-information.

! In this paper, we do not make a rigorous distinction between DW and DM.

Y. Kambayashi et al. (Eds.): DaWaK 2004, LNCS 3181, pp. 26-37, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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Concerning the integration among DW, OLAP and GIS, some research has already
been done (see section 3). However, these approaches do not deal with open and
extensible solutions and do not converge on some points of the dimensional scheme
of a Geographical DW (GDW). In order to address the first problem, the Geographical
On-Line Analytical Processing Architecture (GOLAPA) [8,9] was proposed. Regard-
ing the second problem, we propose the framework GeoDWFrame, which is based on
the star schema [1,2,3,4] and guides the design of GDW schemas.

The remainder of this paper is organized as follows. Section 2 provides a brief
overview of geographical decision support. Section 3, discusses some related work.
Then, section 4, proposes the framework GeoDWFrame. Following this, some ex-
perimental results are given in section 5 and section 6 presents our conclusions and
future work.

2 Geographical Decision Support

Decision support can be defined as a field of information technology that permits the
processing of large database in order to extract information to help in understanding
the behaviour of the business data of an organization. DW, OLAP and GIS are tools to
provide decision support, but different to DW and OLAP, GIS are essentially transac-
tion-oriented tools. That is, it allows, with few restrictions to execute the traditional
transactional operations (insert, delete, update and query) over its data. To the con-
trary, DW/OLAP essentially just permits to load and query of its data.

Although a detailed study about the requirements of an Analytical GIS? (AGIS) has
not yet been completely done, we understand that the use of a GDW for this kind of
system could bring a lot of benefits. With a GDW, an AGIS takes the advantage of the
dimensional approach and of the DW intrinsic concepts [1] (subject-orientated, inte-
grated, time-variant and non-volatile) and moreover, the GDW explicitly will separate
the transactional environment data of the decision environment data, which will pre-
vent that any operation that occurs in the transactional environment will not be re-
flected in the decision environment.

Some research (see section 3) has been addressed on the GDW, but some points
still need to be further discussed, especially the design of its dimensional schema.
However, this research agrees in one point: that the GDW schema is an extension of a
start schema. That is, it extends this schema to insert geographical data, which are
normally defined in a dimension known as Spatial or Geographical. We highlight
that a GDW should keep the intrinsic concepts of a DW and moreover provide support
to store, index, aggregate and analyse (in table or map) geo-data. Realize, as a DW, a
GDW requires a data staging processing [3] to address spatial data heterogeneities. In
other words, before loading these data into a GDW, they must be cleaned and inte-
grated, for example, they must have correct granularity, representation and topology
and the spatial data must have the same format, scale, projection and spatial reference
system.

2 We understand an AGIS as a GIS that basically just allows load and query of data.
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With regard to geo-granularity, we highlight that a GDW must support queries
over features that are not known in advance (e.g. an ad-hoc area or intersected areas).
In order to address this, the finest geographical granularity of GDW must be defined
by features that symbolize points-objects. These features represent the finest geo-fact
and where these occur, and these also can be successively aggregated to compose
another fact of a feature defined on running time. For example: “sales in 2003 by
state and stores where the stores are located X distance from a point Y”. In this ex-
ample we process the OLAP query (e.g. “sales in 2003 by state and stores”), then we
process the GIS query (e.g. “where the stores are located X distance from a point Y”)
and finally we process the intersection of last queries. Figure 1 depicts this example.
Note, if regions of store (polygons-objects) were the finest geo-granularity, we would
not have enough information for processing this query, because we need the facts
occurred in locations of stores (points-objects) to answer this query.

Analytical Result Geographical Result Geo-Analytical Result
ion B Region A
-Region A =112 Region A
+store1 = 28 -
+store2 = 30 mstore 2
+store3 = 54 \
. storq 3 -Region A = 84
-RegionB = 88 Yo +store2 = 30
+store4 = 33 stoveGe_ -~ +store3 = 54
+store5 = 55 7 -&gitonBs—=gg
- i - Regi C + store =
RegionC = 49 eglon -Region C_= 49
+store6 = 49 +store6 = 49

Fig. 1. Finest geo-granularity vs. queries over ad-hoc areas

3 Related Work

Much research [10—19] addresses the use of DW with geographical data, but most of
them do not propose a true GDW, because in some cases [18,19] the descriptive data
are handled in DW while the spatial data are handled in GIS, which stores its data in
proprietary files (e.g. .SHP and .MIF).

From previous research, the work of Han et al [10,11] is the more relevant, be-
cause this also proposes a framework to address a true GDW, that is, both the descrip-
tive and geometrical data are stored in GDW. The framework of Han et al. is based on
a star schema and considers three types of dimensions and two types of measures.
The dimensions are: non-geometrical (all levels contain only descriptive data), geo-
metrical-to-non-geometrical (the finest granularity level contains only geometrical
data and the others only descriptive data) and fully-geometrical (all levels contain
only geometrical data). With regard to the measures, these are: numerical (only addi-
tive data) and spatial (a collection of pointers to spatial objects). Figure 2 shows an
example of a GDW based on this framework. In the Figure 2, Temperature, Precipita-
tion and Time are non-geometrical dimensions, Region-name is a fully-geometrical
dimension, area and count are numerical measures and region-map is a spatial meas-
ure.
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Region_name Temperature
probe_location temperature
district temp_range
city BC_weather Temp_descript
region "
province region_name

time
temperature

Time precipitation
time region_map Precipitation
day area precipitation
month count prec_range
season prec_descript

Fig. 2. GDW model of Han et. al [10]

With regard to the research of Han et al, there are four issues that need to be fur-
ther discussed. These issues motivated the proposal of the GeoDWFrame. The first
debates the use of spatial measures. In any DW, a fact (or measure) is a quantitative
value and not a collection of pointers. For this, we understand that a spatial measure
will be defined as a textual field, which needs first to be parsed for just afterwards to
be processed, probably increasing the cost and complexity of computing. Another
point about spatial measures is: if spatial dimensions already address the spatial data,
why not process this data to achieve an equivalent result to spatial measure. This
would be more natural, because dimension intrinsically deals with textual fields and
these data would not need to be parsed. Based on Figure 2, Figure 3 exemplifies the
use of a spatial measure, where Collection_of _Spatia_id is a spatial measure. Figure 4
shows how to achieve an equivalent result to Figure 3, without applying the spatial
measure. In Figure 4, Time and Spatial are dimensions and Temperature and Precipi-
tation are numerical measures. Note that despite the Figures showing the information
in different forms, the Figures have equivalent information.

Time Temperature Precipitation Collection of Spatial_ids
March cold 0.1t00.3 {AL04, AMO3, ... XN87}
March cold 0.3t0 1.0 {AM10, ANOS, ... YP90}

Fig. 3. An example applying spatial measure [10]

Time Spatial Temperature (°C) Precipitation
March AL04 2.5 0.1
March AMO3 3.0 0.2
March - - ...
March XN87 1.5 0.3
March AMI10 3.5 04
March ANO5 2.0 0.7
March - - ...
March YP90 1.5 0.9

Fig. 4. The previous example (Fig. 3) without applying spatial measure
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The second ponders the intrinsic redundancy of dimensional data [1,2,3] and its
impact over the high cost of storing geometrical data in common dimensions. The
GDW model in discussion does not present an approach to minimize this issue, but a
GDW can have more than one dimension with the same spatial levels (e.g. the Store
and Customer dimensions have the same levels: Counties, Regions, States and Cities)
or even if a GDW has just one dimension with spatial levels, there will still be the
intrinsic dimensional redundancy of geometrical data to be addressed.

The third argues that a geometrical-to-non-geometrical dimension just allows
geometrical data in the finest granularity level. This fact may limit its use, because in
practice, it is relevant that a GDW can permit geometrical data at any level. Other-
wise, just the finest granularity level could be drawn on the map. And finally, the
fourth questions where the descriptive data of geographical objects are. These are
useful for OLAP queries, but the dimensions in discussion just handle geometrical
data.

4 GeoDWFrame

Kimball [2,3] defined several techniques and guidelines to build a conventional DW.
From Kimball’s work and the discussion above, we propose the framework
GeoDWFrame. From the evaluation of four issues previously discussed, we decided
that GeoDWFrame, respectively: 1) does not apply spatial measure, 2) normalizes the
geometrical data, 3) provides geographical data in any dimensional level and 4) stores
the descriptive data of geo-objects. In order to provide support for these issues,
GeoDWFrame proposes two types of dimensions, namely: geographical and hybrid.
The first one is classified into primitive and composed, while the second one is classi-
fied into micro, macro and joint. The primitive and composed dimensions have at all
levels (or fields) just geographical data (e.g. client addresses and its geo-references),
while the others deal with geographical and conventional data (e.g. client addresses
and its geo-references plus ages and genders). Besides these dimensions, the
GeoDWFrame, as in any DW, also supports dimensions with just conventional data
(e.g. a product dimension). In the sequence, the differences between primitive and
composed dimensions are given.

A primitive geographical dimension represents the geo-coding data (geometries)
used to handle spatial objects. Basically, it can be implemented using two approaches:
1) a relational database with long field (e.g. Text, Long or BLOB) or 2) a
pos-relational database that supports a geometry abstract type (e.g. Oracle
SDO_GEOMETRY or DB2 ST_GEOMETRY). With regard to the first approach, it
allows the storage of geo-coding data in a textual or binary format, but the spatial
processing (e.g. query and indexing) is performed by geographical software and not
by the database system. Regarding the second approach, the database system per-
forms the spatial processing, but the spatial extensions have not been standardized yet
(e.g. divergence of spatial operators and spatial data type), which results in a proprie-
tary solution.
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Figure 5 shows an example of how the last approaches can model polygons. In the
Figure 5-a, the fields GeoPK, Xmim, Ymim, Xmax and Ymax are conventional (e.g.
Varchar2 or Number) while the Geo is a long field. In Figure 5-b, the GeoPK field is
also conventional, but the Geo is a geometry abstract type. These fields represent the
identification of an object (GeoPK), its Minimum Bounding Rectangle (MBR) (Xmim,
Ymim, Xmax and Ymax) and its geo-coding (Geo). Realize that a primitive geographi-
cal dimension just deals with geometrical data. For this, it is not appropriate to OLAP
queries. However, this is essential to: 1) support geo-operations, 2) draw the features
and 3) keep the historic of the geo-objects applying slowly changing dimensions
[2,3].

GeoPK : Conventional
Xmim :Conventional
Ymim : Conventional GeoPK : Conventional

Xmax :Conventional Geo : Geometry Abstract Type
Ymax : Conventional
Geo : Long Field

a) Relational approach b) Pos-relational approach

Fig. 5. Examples of how representing a primitive geographical dimension

The quantity of fields in a primitive geographical dimension may change accord-
ing to: 1) the type of the spatial object (e.g. a point does not need a MBR), 2) the
geographical software that will be used (e.g. TerraLib [20] needs more fields to han-
dle multi-polygons) and 3) the chosen approach (relational or pos-relational). How-
ever, basically we can focus on two fields: one to store the identification of the spatial
object (GeoPK) and another to store its geographical representation (Geo).

In GOLAPA, in order to be as open and extensible as possible, the primitive geo-
graphical dimension is implemented using the relational approach with the Geogra-
phy Mark-up Language (GML) [21]. Note, in the future, when the spatial extensions
of pos-relational database are completely standardized, these will be able to be used
as well.

Concerning the composed geographical dimension (Figure 6), it contains fields to
represents its primary key, the description of the geo-objects and its foreign keys to
primitive geographical dimensions. In Figure 6, the geographical hierarchy is known
in advance (Region—Property—Lot), which allows it to aggregate the levels of this
hierarchy using conventional methods [22]. However, when the geographical hierar-
chy is unknown in advance (at design time), it is necessary, during the GDW building
process, to apply spatial indexing methods [23] to define the order existing among the
geographical objects. Realize that without the primitive geographical dimensions a
dimension with spatial data would have to store their descriptions and geo-references
together. Then due to the: 1) intrinsic redundancy of dimensional data and 2) high
costs of storing the geo-references (compared to foreign keys to primitive dimension),
this approach would result in a high cost of storage.
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Primitive Geographical Composed Geographical Fact
Dimensions Dimension Table
Location
LocationPK
RegionName \ Fact
RegionFK LocationFK
PropertyName (OthersFK)
PropertyFK (Facts)
LotName
Lot LotFK

Fig. 6. An example of a composed geographical dimension

With regard to hybrid dimensions, that is, micro, macro and joint, these are de-
scribed as follows. A micro hybrid dimension handles conventional and geographical
data, but the geographical ones represent the finest geo-granularity of the dimension,
which must represent points-objects (e.g. Addresses and Lots). Note that due to the
small spatial granularity, other dimensions rarely share these geo-referenced data. A
micro hybrid dimension (Figure 7) has conventional fields and two geographical
fields (the descriptive and the foreign key for its primitive geographical dimension).

Primitive Geographical Micro Hybrid Fact
Dimension Dimension Table
Employer

EmployerPK

Gender \ Fact

Education EmployerFK
Occupation (OthersFK)
(Facts)
Address

AddressFK

Fig. 7. An example of a micro hybrid dimension

A macro hybrid dimension, different to a micro hybrid dimension, handles geo-
graphical data that are usually shared (e.g. Countries, Regions, States and Cities). The
schema of a macro hybrid dimension can be defined based on two approaches: 1)
conventional fields plus one foreign key to a composed geographical dimension or 2)
conventional fields plus one foreign key to each primitive geographical dimension
that corresponds to each descriptive geographical field. Note that in the first one, the
composed geographical dimension minimizes the number of foreign keys in the
macro hybrid dimension and also can work as a mini-dimension or a role-playing
dimension [2,3]. Figures 8 and 9 show these approaches, which can be applied in
Figure 10 as well. In Figures 8 and 9, we assume Lot as the finest geo-granularity, for
this, its geo-data must be defined as points-objects. However, in Figure 10, we as-
sume Region, Property and Lot as polygons-objects and the Address as the finest geo-
granularity, that is, points-objects.

A joint hybrid dimension merges the micro and macro approaches in just one di-
mension. Figure 10 draws an example of this dimension and Figure 11 shows the
GDW of Figure 2 designed according to the GeoDWFrame. In Figure 11, the Tem-
perature and Precipitation dimensions are useful to answer queries, such as, “what is
the area where the temperature description is cold and the precipitation range is 0.1
t0 0.3”.
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Fig. 8. An example of a macro hybrid dimension

Primitive Geographical
Dimensions

Lot

GeoDWFrame

Macro Hybrid Fact
Dimension Table
Employer

EmployerPK

ploy Fact

LocationFK
Gender
Education
Occupation

EmployerFK
(OthersFK)
(Facts)

Macro Hybrid Fact
Dimension Table
Employer

EmployerPK

ploy Fact

RegionName
RegionFK

EmployerFK

PropertyName
PropertyFK
LotName
LotFK

Gender
Education
Occupation

(OthersFK)
(Facts)

Fig. 9. Another example of a macro hybrid dimension

Composed Geographical

Dimension

Primitive Geographical
Dimension

Joint Hybrid Fact
Dimension Table
Employer
EmployerPK

ploy Fact

LocationFK
Gender

I

EmployerFK

Education (OthersFK)
Occupation (Facts)
Address

AddressFK

Fig. 10. An example of a joint hybrid dimension

Region_name

Primitive

il

province

probe_location
district
districtFK

city

cityFK

region
regionFK
province
provinceFK

Composed

Conventional &

BC_weather

region_name
time
temperature
precipitation

Time

time
day
month
season

€«

area
count | Measuring
temp Facts
prec

Conventional

>

Temperature

temperature
temp_range
Temp_descript

Precipitation

precipitation
prec_range
prec_descript

Fig. 11. The GDW of Figure 2 according to GeoDWFrame
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In Figure 11, all measures are numerical facts. Region_name is a composed geo-
graphical dimension with its foreign keys to each primitive geographical dimension,
while Temperature, Precipitation and Time are conventional dimensions.

5 Experimental Results

In order to gather some experimental results, we have extended a conventional Data
Mart (DM) by some adding geographical properties according to the GeoDWFrame.
Figure 12 presents the Sales_Fact_1997 DM, as our experimental dimensional
schema.

time_by_day
" @[ time_id o product i

customer the_date | |product_class_id
| @ customer_id ko= the._day === 2| product_id
[ |account_num the_month [ |brand_name
[ | Iname the_year | product_name g
2] fname day_of_month I E] e
[ fmi week_of _year mEY o
| |addresst month_of _year | |aross_weight o i
= vt i - 8 -cre e
|| address3 fiscal_period |__|recyclable_package e
[ :.fjvem = T:t{jer_:ase [ |store_street_address
(| state_province | cases_per_pallet [ store_clty
[ |postal_code sales_fact_1997 [ |sheff_width [ store_state
| country product_id | shelf_height [ store._postal_code
|| customer_region_id Lol time_id [ Jshelf_depth [ |store_country
[ |shonet ol ] customer. id | |store_manager
[ |phonez i oromotion id | |store_phane
[ |birthdate i <toe i L] :torejax »

marital_status ] store_sales | [first_opened_date
[ |vearly_income ] <tore_cost [ :ast_remr:del_date
| gender [ Junit_sales e se:;:_zzf:
g ;?thlf:\;:::‘ at_home | | |promotion_d e [ |orocery_saft
B cdaon | promation_district_id | |frozen_saft
|| date_accnt_opened P ometicn.nams [ |meat_saft
| member_card | media_type | coffee_bar
| occupation J| cost [ |video_store
| houseowner | start_date | salad_bar
|| num_cars_owned [ end_date | |prepared_food
= [ |forist

Fig. 12. The dimensional schema of Sales_Fact_1997

We have used the Sales_Fact_1997 DM of Food-Mart DW, because it can be eas-
ily acquired from the SQL Server CD installation [24]. To build the geographical
Sales_Fact_1997 DM according to GeodwFrame we basically have: 1) updated its
schema by: 1.1) defining the dimensions and its geo-levels (County, State and City of
Store and Customer), 1.2) identifying the finest geo-granularity (City), 1.3) creating
the dimensions (Store and Customer as macro hybrid dimensions, Shared as a com-
posed dimension and County, State and City as primitive dimensions); 2) coded
the geo-data into GML — we have get SHP files and use the tool Degree
Viewer/Converter [25] to generate the GML data; 3) loaded the GML geometries in
the County, State and City dimensions; 4) loaded the name of geo-objects and the
foreign keys for the County, State and City dimensions into the Shared dimension; 5)
added into Store and Customer dimensions the foreign key to Shared dimension; and
finally, 6) removed the County, State and City levels of Store and Customer dimen-
sions, because these now compose the Shared dimension. Figure 13 shows the
Sales_Fact_1997 dimensional schema based on GeoDWFrame.
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Fig. 13. The dimensional schema of Sales_Fact_1997 based on GeoDWFrame

Figure 13 shows that the applied updates have kept the essence of
Sales_Fact_1997 schema. That is, the Customer and Store dimensions have been
lightly updated while the remained dimensions and fact table have been completed
preserved. It demonstrates the GeoDWFrame applicability and shows that its use
guides the design of geographical dimensional schemas in order to reduce costs (the
schema is lightly updated and free of geometry redundancy). Also, it does not apply
spatial measure and allows the use of geometrical data at any level. Thus,
GeoDWFrame provides an important contribution in the GDW design issue.

6 Conclusions and Future Work

Much research addresses the use of DW with GIS, but still lacks a consensus about
the dimensional model of GDW. Aiming to address this, we analysed some related
work (identifying its convergent and discussion points) to propose the framework
GeoDWFrame. It is proposed to guide the design of geographical dimensional sche-
mas that must support analytical, geographical or analytical-geographical operations.
To provide this support, GeoDWFrame proposes two types of dimensions: geo-
graphical (primitive and composed) and hybrid (micro, macro and joint). The use of
these dimensions aims to minimize the geo-data redundancy and moreover provide a
natural support to multidimensional and/or geographical tools, because the GDW will
handle descriptive and geometrical data and will not apply spatial measure. Note that
according to GOLAPA, the GeoDWFrame uses GML to define geo-data, but the
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GeoDWFrame is not limited to GOLAPA and, for this reason, it can use geometry
abstract types to handle geo-data. Applying the GeoDWFrame in large GDW (with
vector or raster data) and investigating the challenges to extract, transform and load
geo-data into a GDW (based on the GeoDWFrame), composes our future work.

References

1. W. H. Inmon. Building the Data Warehouse. 2nd edition. John Wiley & Sons (1997)

2. Kimball, R.: The Data Warehouse Toolkit: Practical Techniques for Building Dimensional
Data Warehouses, John Wiley & Sons, Inc. (1996)

3. Kimball R., Reeves L., Ross M., Thornthwaite W.: The Data Warehouse Lifecycle Toolkit.
Expert Methods for Designing,Developing and Deploying Data Warehouses, Wiley Com-
puter Publishing,New York (1998).

4. Chaudhuri S., Dayal U.: An overview of Data Warehousing and OLAP Technology.

SIGMOD Record 26(1). 1997.

. OMG: Common Warehouse Metamodel (CWM) Specification. (2002).

6. Longley, P. A., Goodchild, M. F., Maguire, D. J.. Geographical Information Systems: Prin-
ciples, Techiniques, Applications and Managemente. 2nd Edition, John Wiley and Sons.
(1999)

7. Demers, M. N.: Fundamentals of Geographic Information Systems. 2nd ed. John Wiley &
Sons. (2000)

8. Fidalgo R. N., Times, V. C., Souza, F.F..GOLAPA: An Open and Extensible Architecture
for Integration between OLAP and GIS. Proc. Brazilian Workshop on Geoinformatics
(Geolnfo). (2001) — In Portuguese.

9. GOLAPA Project: GOLAPA official home page —
http://www.cin.ufpe.br/~golapa/architecture (2004)

10. Han, J., Stefanovic, N., Koperski, K.: Selective materialization: An efficient method for
spatial data cube construction. Proc. Pacific-Asia Conf. on Knowledge Discovery and Data
Mining (PAKDD). (1998)

11. Bédard, Y., Merrett, T., Han, J.. Fundamentals of spatial data warehousing for geographic
knowledge discovery. H. J. Miller and J. Han (Editors) Geographic Data Mining and
Knowledge Discovery. (2001)

12. Rivest, S., Bédard, Y. and Marchand, P.: Towards better support for spatial decision-making: De-
fining the characteristics of Spatial On-Line Analytical Processing (SOLAP). Geomatica, 55(4).
(2001)

13. Shekhar, S., Lu, C.T., Tan, X., Chawla, S., Vatsavai., R. R.: Map Cube: A Visualization
Tool for Spatial Data Warehouses. In: H. Miller and J. Han (Editors), Geographic data min-
ing and knowledge discovery. (2001)

14. Papadias, D., Kalnis, P., Zhang, J., Tao, Y.: Efficient OLAP Operations in Spatial Data
Warehouses, Proc. Int. Symp.on Spatial and Temporal Databases, (SSTD). (2001).

15. Papadias, D., Tao, Y., Kalnis, P., Zhang, J.: Indexing SpatioTemporal Data Warehouses.
Proc. Int. Conf. on Data Engineering (ICDE). (2002)

16. Zhang, L., Li, Y., Rao, F,. Yu, X., Chen, Y.: Spatial Hierarchy and OLAP-Favored Search in Spa-
tial Data Warehouse, Proc. Int. Workshop on Data Warehousing and OLAP (DOLAP). (2003).

17. Gonzales, M.L.. Spatial OLAP: Conquering Geography. DB2 Magazine. (1999)

18. Kouba, Z., Matousek, K., Miksovsky, P.: On Data Warehouse and GIS integration. Proc.
Int. Conf. on Database and Expert Systems Applications (DEXA). (2000)

W



GeoDWFrame 37

19. Ferreira, A.C., Campos, M. L., Tanaka, A. K.: An Architecture for Spatial and Dimensional Analy-
sis Integration. Proc. World Multiconference on Systemics, Cybernetics and Informatics (SCI).
(2001)

20. TerraLib official home page, (http://www.terralib.org/documentation.html) (2004)

21. OpenGIS. Geography Markup Language Implementation Specification, version 2.1.2. (2002)

22. V. Harinarayan, A. Rajaraman, J. Ullman. Implementing Data Cubes Efficiently. Proc.
ACM SIGMOD Int. Conf. on Management of Data. (1996)

23. Guttman, A.: R-Tree: A dynamic Index Structure for Spatial Searching. Proc. ACM
SIGMOD Int. Conf. on Management of Data. (1984)

24. Microsoft SQL Server official home page ( http://www.microsoft.com/sql/) (2004)

25. Deegree Web Feature Service official home page (http://deegree.sourceforge.net/) (2004)



Workload-Based Placement and Join Processing
in Node-Partitioned Data Warehouses

Pedro Furtado

Centro de Informatica e Sistemas
Engenharia Informatica, Univ Coimbra (DEI /CISUC)
pnfedei.uc.pt

Abstract. Data warehouses (DW) with enormous quantities of data put major
performance and scalability challenges. The Node-Partitioned Data Warehouse
(NPDW) divides the DW into cheap computer nodes for scalability. Partitioning
and data placement strategies are relevant to the performance of complex que-
ries on the NPDW. In this paper we propose a partitioning placement and join
processing strategy to boost the performance of costly joins in NPDW, compare
alternative strategies using the performance evaluation benchmark TPC-H and
draw conclusions.

1 Introduction

Data warehouses (DW) are large repositories of historical data used mainly for analy-
sis. The applications that allow users to analyze the data (e.g. iterative exploration)
have to deal with Giga or Terabytes of data, while users require fast answers. As re-
turn-on-investment considerations become crucial, it is desirable that scalability be
obtained dynamically and at reasonable cost without throwing away low cost plat-
forms.

Over the past there has been an large amount of work on related and intertwined is-
sues of data allocation [1, 4, 6, 11, 16] and query processing strategies in parallel and
distributed databases [3, 8, 9, 13]. Data allocation in parallel and distributed databases
has been studied extensively, typically in heavy transactional environments. In an
early work [10] compares full partitioning with clustering the relations on a single
disk, concluding that partitioning is consistently better for multi-user workloads but
can lead to serious performance overhead on complex queries involving joins, with
high communication overheads. [4] proposes a solution to data placement using vari-
able partitioning. In that work the degree of partitioning (n° of nodes over which to
fragment a relation) is a function of the size and access frequency of the relation.
Again, experimental results in [4] show that partitioning increases throughput for
short transactions but complex transactions involving several large joins result in
reduced throughput with increased partitioning.

Heavy query environments such as a data warehouse with complex query patterns
can exhibit such a high communication overhead, as complex joins are executed over
several relations. Whether the data warehouse is a set of “pure” star sub-schemas,
with a set of dimensions describing business elements and very large facts with busi-
ness-related measures, or a less structured warehouse schema such as TPC-H [17], the
common features are some very big relations, typically facts, with tens to hundreds of

Y. Kambayashi et al. (Eds.): DaWaK 2004, LNCS 3181, pp. 38-47, 2004.
© Springer-Verlag Berlin Heidelberg 2004



Workload-Based Placement and Join Processing in Node-Partitioned Data Warehouses ~ 39

million rows and heavy join activity over those big relations and other smaller ones.
This is exactly the kind of environment where speedup and scale-up can be hampered
by heavy communication costs. We focus on join processing costs in this paper.

One of the crucial issues with partitioning in the presence of costly joins, which we
review more profoundly in the next section, is the need to exchange significant
amounts of data between nodes, which is especially costly given slow interconnects.
Parallel hash-join algorithms [5, 7] (PHJ) provide an efficient way to process heavy
joins in such environments. Data placement algorithms on the other hand typically do
not bother with the join strategy and its relationship with the query workload.

In this paper we propose the use of workload-based placement and PHJ processing
of joins in the specialized structure and context of the data warehouse to speedup
complex joins. We show why the use of PHIJ is relevant in the NPDW and take into
consideration workload access patterns in a simple but new way when determining
data placement or reorganization of the data in NPDW.

Related work on partitioning and processing strategies includes other join process-
ing strategies such as PRS [15] or placement dependency [3, 9]. PRS partitions one
relation and replicates the other ones and placement dependency co-locates relation
partitions exhibiting dependency [3, 9]. Once again, these strategies assume data
placement to be done independently from join processing. In [18] an automated parti-
tioning and placement strategy is proposed for generic databases and in [11] an auto-
mated partitioning and placement strategy is designed for DB2 which uses the query
optimizer to evaluate costs of alternative allocations. Our work is related to these ones
but focuses on a simple allocation strategy targeted at data warehouses and which
does not require any tight integration with the query optimizer as in [11].

The paper is organized as follows: section 2 discusses the partitioning issue. Sec-
tion 3 describes data placement generically in NPDW. Section 4 discusses relevant
processing costs in NPDW. Section 5 discusses our solutions to data placement and
processing that result in small overheads. Finally, section 6 analyzes some experi-
mental performance results using the TPC-H decision support benchmark [17]. Sec-
tion 7 contains concluding remarks.

2 The Partitioning Issue

The basic partitioning problem is well described in [9]. Assuming all queries of the
form Q={ target | qualification}, where target is a list of projected attributes and quali-
fication is a list of equi-joined attributes, let a query be Q={R;.A,R,.B | R;.A=R,.A A
R,.B=R;.B} and assume that R and R, reside in different nodes shown in Figure 1.

Then, not all of the three relations can be partitioned to process the join, since the first
join predicate requires that R, be partitioned on A and the second join predicate re-

quires that R, be partitioned on B. We may choose to partition R, and R, on A and
replicate R, or to partition R, and R; on B and replicate R,. The problem is then to
decide which set of relations to partition.

Relation Tuples Site 1 Site 2
R1 12000 R1
R2 10000 R2

Fig. 1. Example Layout of R1 and R2
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The partition and replicate strategy (PRS) [15] involves partitioning R, into two
fragments F,,, F,, and sending F,, to site 2. Relation R, is sent to site 1 and then each
site processes its part of the join: R, x, R, = (F;; x, R,) U (F, x, R,) processed in
parallel in sites 1 and 2, where x, denotes an equi-join on attribute A.

Using hash-partitioning [5, 8, 12], it is possible to obtain a more efficient result.
We first define hash-partitioning.

Definition 1. A relation Ri is hash-partitioned on attribute A into d disjoint fragments
{Fij} ifl1)R= UFU.; 2) Fl.j N F,=0 for j#k; and 3) VT e Fl.j: h(T.A)=cij, where h() is a
hash function and c;; is a constant for a given j.

Hash partitioning allows the expression R, x, R, to be processed faster as (F; x,
F,) U (F, x, F,,), as fragments are results of hashing the relations such that F ; x,
F,,=@ and F,, x, F,;=@. The join cost at each site is now smaller as only a fragment
of R, is joined instead of the whole relation. Communication costs are also reduced,

as only a fragment instead of the whole relation R2 must be moved. On the other
hand, hash-partitioning R, and R, introduces some overhead. However, if a query

joins R, to R, by another join attribute or one of the relations participates in a join

with other relation on a different attribute, it is necessary to repartition the fragments
and redistribute them before this other join can take place. For instance, R1 can be
repartitioned by repartitioning fragments F,, and F,, in parallel and exchanging data

to build F’ |, and F’,; in nodes 1 and 2 respectively. Although repartitioning can occur

in parallel at all nodes, it entails processing and data communication costs.
Unbalanced placement and processing load is a concern with hash-partitioning
which can be minimized by using a suitable hash function, managing and allocating a
number of fragments larger than the number of nodes for better load balancing. With
this concern taken into consideration, hash-partitioning can be advantageous. Our
objective is to minimize extra communication overheads due to partitioning or reparti-
tioning needs as well as join processing costs. Join processing cost is minimized by
joining only fragments from all except small relations. Communication overhead is
minimized in the above example when F,,, F,, are initially located at node 1 and F,,,

F,, are initially located at node 2, as the join can proceed without any (re)partitioning

and communication costs (except to merge partial results). It is therefore important to
determine the best hash-partitioned placement in the presence of a query workload.

3 NPDW Placement Basics

A Node Partitioned Data Warehouse (NPDW) is a data warehouse divided into a set
of nodes and a query processing middle layer that uses those nodes for fast query
processing. In order to process joins efficiently, we propose hash-partitioning every
large relation and replicating small ones. If we consider a strict star schema with only
small dimensions and a single large fact, Figure 2 shows the resulting data placement.
Join processing in the system of Figure 2 is similar to the PRS strategy, but with rela-
tions already replicated at the processing nodes. As a result, all nodes can process
independently and return their partial answer for a posterior merge step to obtain the
final answer.
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Dw
fact Divide

0

Fig. 2. Basic Star-Partitioning

Actual schemas are typically more complex than a pure star, resulting in not so in-
dependent node processing of partial queries and higher repartitioning and communi-
cation costs. Schemas can have several stars with cross-querying, possibly larger
dimensions and possibly a less pure star design. Joins with large dimensions and with
more than one fact are frequent. The most important concern in such an environment
is how to partition facts and large dimensions horizontally to solve the partitioning
issue described in section 2 as efficiently as possible. More generically, the concern is
how to handle data placement and join processing for larger relations and therefore
minimize repartitioning and communication costs?

TPC-H [17] provides an example schema to better illustrate our rationale. Figure 3
summarizes the schema, which represents ordering and selling activity (LI-lineitem,
O-orders, PS-partsupp, P-part, S-supplier, C-customer).

. Partkey 11
P
custkev
PS | O
orderkey
L
Supkey

Fig. 3. TPC-H schema

For simplicity, we will portray relations PS, LI and O as facts and the remaining
ones (P, S, C) as dimensions. For simplicity also we will assume that dimensions P, S
and C are sufficiently small to deserve being replicated into each node. On the other
hand, relations LI, PS and O should be horizontally partitioned into the nodes using a
strategy that minimizes data exchange requirements while processing joins involving
them. Joins involving only one of the horizontally-partitioned relations and any num-
ber of replicated relations require no data exchange, regardless of the partitioning
scheme used. Therefore, we concentrate on minimizing data exchange needs for joins
involving more than one partitioned relation (LI, O, PS) besides dimensions.

4 Relevant Costs in the NPDW

The main processing costs are the partitioning, repartitioning, data communication
and local processing costs. Partition (PC) and Repartitioning Costs (PC) are related to
scanning the relation or a node-fragment only once. They are monotonically increas-
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ing on the relation size. Since there can be two or more relations to be partitioned and
they can be processed in parallel in two or more nodes, the partition delay PC for a
given query is the largest partition cost among the nodes participating simultaneously.
Repartitioning is similar to partitioning, but involves a fragment in each node instead
of the whole relation. It is used to re-organize the partitioned relation, hashing on a
different equi-join attribute. The fragments resulting from this repartitioning need to
be redistributed to other nodes to process a hash-join. Data Communication Costs
(DC) are also monotonically increasing with the size of the data transferred and equal
between any number of nodes. We assume a switched network (and broadcast capa-
bility). Local Processing Costs (LC) are also a function of the relation size and depend
on access paths and the size of relations participating in the join. Merging Costs (MC)
are related to applying a final query to collected partial results at merging node.

As in [13] we define weighting parameters: B, which is a partitioning cost weight
and a local processing weight, so that B/a denotes the ratio of partitioning cost to local
processing cost (e.g. ~2 in [14]). Considering facts with size F,, N nodes and such
linear cost model, we can obtain a simple expression for the cost or repartitioning
versus the cost of local processing without requiring repartitioning when the place-
ment favors local processing. For simplicity, the following expressions consider only
two facts. The fact fragment size is F;/N. The join-processing cost for queries requir-

ing the join between equi-partitioned facts dimensions di is:

L)
Cost, = OX| —+—=+d| +..+d 1
equipart (N N 1 l] ( )
The cost when facts are not equi-partitioned on a switched network is:
IR IR R P
Crer=| ————= XB+ax| —+—=+d|+..+d 2
Rep (N N2 ) ﬁ [N N 1 l] ( )

This expression includes the repartitioning overhead of an intermediate result IR
(either the fact or the result of joining with some dimensions locally before reparti-
tioning) and the local processing cost of 1/N of the facts. The increase in cost if (2) is

2

IR IR
required instead of (1) is therefore (— ——)x B, which can be avoided many times
N N

if the facts are carefully placed.

5 Placement and Processing in NPDW

Under NPDW all nodes participate in the computation of every query, so that typical
queries must be “broken” into subset queries to distribute into all nodes and merging
components to merge result sets coming from nodes. We define Global Processing as
a processing “cycle” that involves sending data to nodes, processing in each node,
collecting results from those nodes and merging them. Local Processing is the inde-
pendent processing in a node. Query transformation produce processing and merging
query components.

The global processing DCCM - Distribute-Compute-Collect-Merge — shown in
Figure 4 involves parsing the query, transforming it into a “local query” to be proc-
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essed in each node, running the local query independently in each node, collecting the
corresponding partial results in the submitting node and merging them.

Set operators, typically UNION ALL, are useful for merging partial results from all
nodes. Selection and aggregation query row sets will typically be processed inde-
pendently by nodes and the partial results are merged as the union of partial result
sets, followed by aggregation in the case of aggregation queries.

With this strategy, most query operations (selections, projections, aggregations)
can be processed independently by each node, followed by a merge phase that re-
ceives independent results and merges them into a final result. Some operations, in-
cluding most subqueries, require additional DCCM steps. In this paper we are con-
cerned with the placement and processing of joins in the context of NPDW.

Query submit
o Parse Q, transform Qt, Send nodes
Query collect & Merge
o Collect, merge partial results Y
<Query distribution 1..N>

Query Process (node i of N nodes)
o Run Q; against local data set;
o Send partial results PR to submitting node

Fig. 4. The DCCM Procedure

5.1 Partitioning and Placement in NPDW

In order to determine the most appropriate partitioning strategy for a schema, knowl-
edge of the query workload is required. In our example and experiments with TPC-H
we considered the query set with equal weight for each query. In a practical situation
knowledge of the query set would be accompanied by expected or historic frequency
of execution of each query. More generically, it should be possible to know the query
set and expected workload for a given data warehouse.

From the query workload we can determine a query workload join graph. A join
graph G; = (V|, E)) is a graph where vertices V; correspond to attributes R.A partici-

pating in equi-joins and the edges E; depict the set of equi-joins between those attrib-

utes. We add weights to the edges of the join graph, which correspond to the number
of occurrences of the corresponding equi-join in the query workload. A component is
a set of connected edges in the join graph. Figure 5 shows the weighted join graph for
TPC-H. In this join graph, replicated relations (P, S, C) are not represented because
they pose no repartitioning issues for processing joins. Only those relations that are
partitioned must be represented. Relation sizes are also relevant to the algorithm.

2 10
PS.PS LIPS LI.O 0.0

Fig. 5. Weighted Join Graph for TPC-H

This join graph can be produced either manually or automatically, as long as repli-
cated relations are well identified. The next step is to decide which partitioning attrib-
utes should be chosen for each relation. The choice is based on the relation sizes and
frequency values of the join graph. The most frequent equi-join component including
the largest relation has top priority. In Figure 3 it is clear that LI and O (Orders)
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should be partitioned by orderkey (O), so that joins between these two relations do not
require any repartitioning. But if LI is partitioned by orderkey (O), the other, less
frequent equi-join in Figure 3 (LI with PS) will require repartitioning of LI. More
generically, the algorithm is:

1. For the largest relation, find largest frequency component in the join graph;

2. Partition intervening relations by the corresponding equi-join attribute;

3. Delete partitioned relations from all edges in all components of the join graph, as
their partitioning attribute is already decided;

4. If done, stop. Otherwise, go to 1.

This strategy can be effectively applied automatically to any schema and query set.
It implies simply some knowledge of the query workload. In this paper we use TPC-H
to exemplify the use of such strategy.

5.2 Join Processing in NPDW

Given the placement of relations, join processing is based on cost minimization and
uses parallel hash-join when required, as discussed in [13]. The focus is on minimiz-
ing the repartitioning and communication costs. The complexity and relevance of the
join processing strategy in such a system has led us to treat the subject in depth else-
where. However, we describe the basic strategy in this section using examples.

Intuitively, the most selective joins should be processed first. For illustration pur-
poses we do not take into account different selectivities in the following examples.

Assuming that LI and O are pre-partitioned by orderkey, a join involving relations
LI and O (and any other number of replicated dimensions) in the TPC-H schema of
Figure 3 is transformed into the union of the independent node joins U, o4es (Fry X,
F,), where Fy represents a fragment of X.

A more complex join involving all partitioned relations and dimensions P, S and C
of Figure 3 can be processed as (P x, (S xg Fpo)) xpg ( Fi; X, (F x, C) ), based in
processing joins with the smallest relations first. This processing path requires a sin-
gle repartitioning. As P, S and C are replicated in all nodes, each binary join involving
them can be processed independently in each node, which accounts for (F, x_, C) and
(P xp (S xg Fpg)). Then, (F; x, (F, x. C) ) can also be processed independently with-
out repartitioning because the placement algorithm co-located O and LI fragments by
hash-partitioning on orderkey (o). Finally, the last join requires repartitioning of the
intermediate result ( F | x_ (F, x_ C) ) by the (ps) key to join with (P x, (S xg Fj)).

6 Experiments

In this section we compare the performance of alternative placement and processing
strategies in NPDW using typical TPC-H queries over the schema of Figure 3. For all
of them, we considered a setup in which the smaller relations P, S, C were replicated.
The alternatives evaluated are:
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HWP (Best Strategy): The Hash-based workload partitioning strategy. It involves
placement based on join-wise workload-based partitioning of large relations and join
processing based on PHJ. The only extra overhead comes from repartitioning when
needed. The placement algorithm tries to minimize such need;

H: Parallel Hash-Join with hash-partitioned placement based on primary keys. It in-
volves placement based on primary-key partitioning and join processing based on
PHJ. The extra overhead comes from repartitioning when the primary-key is not the
equi-join attribute between partitioned relations. The objective is to compare the per-
formance of placement with workload knowledge (HWP) to “blind” placement (H);

PRS: The PRS strategy [15] considering that only the largest relation (LI) is pre-
partitioned by placement. This strategy involves replicating intermediate results from
all but one of the large relations into all nodes (broadcast). The major overheads are
replication and processing costs as each node has to process un-fragmented interme-
diate results for all except the pre-partitioned relation;

Round-Robin PRS (RR-PRS): This strategy involves placement by round-robin
partitioning of facts. Join processing is similar to PRS;

Round-Robin Hash (RR-H): This strategy involves placement by round-robin parti-
tioning of facts. Join processing with more than one partitioned fact is based on PHJ
but involves repartitioning overhead for all partitioned facts.

The differences between the strategies were apparent in the experimental results when
processing queries with multiple partitioned relations. PRS and RR-PRS strategies
typically incurred high replication and join processing costs in those cases; The RR-H
strategy incurred repartitioning overhead for all partitioned relations; The H strategy
incurred repartitioning overhead for some of the intermediate results (joins including
the LI relation); HWP had the best results because it uses PHJ as H and RR-H but
chooses an initial workload-dependent placement that minimizes repartitioning needs.
Parallel hash-join algorithm is more efficient as it incurs much smaller overheads.

The experimental evaluation was conducted by measuring the node and communi-
cation costs for the strategies assuming similar nodes on a 100Mbps switched network
and the TPC-H decision support benchmark™ [17]. Four data sets were generated for
these experiments corresponding to a 5S0GB TPC-H generation into 1, 5, 10, 25 nodes.
Our experiments also involved transforming TPC-H queries to run against the
NPDW.

6.1 Performance Results

First of all we analyze queries accessing a single fact relation, as for these queries all
but one relation (the fact) is replicated to all nodes and all the strategies have similar
results. Such queries account for half the TPC-H query set. Figure 6a shows the re-
sponse time results for some of these queries with a nearly linear speedup with the
number of nodes. Another large fraction of the TPC-H queries involve joining rela-
tions LI and O besides the replicated dimensions. Figure 6b shows the response times
of HWP for some of those queries. Once again the speedup is near to linear, as only
1/N fragment of the facts has to be processed in each of N nodes.

Figure 7a shows response time results for these queries comparing HWP, H, RR
and PRS for 10 nodes. As can be seen from the Figure, the relative performance of the
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strategies varies with the query. This is for two main reasons: the extra repartitioning
and processing overhead of the strategies centers on different relations (H on LI, PRS
on O, RR on LI and O) and we applied local joins and restrictions (selection opera-
tors) on the relations and dimensions before exchanging intermediate results between
nodes in order to minimize extra overheads. In spite of this, the conclusion is that
HWP was consistently better: on average it was 25% better than H and 46% better
than PRS (and RR-PRS) for these queries. The only cases in which the difference is
smaller is when the slower strategies were able to obtain a very small intermediate
result locally before incurring the large exchange and processing overhead. HWP is
also better than the “blind” hash strategy (H) or RR-H, which require repartitioning
before processing the join.

B 1node mS5nodes O10nodes O 25nodes O 1node mM5nodes O10nodes O 25nodes

155:12

155:12
140:48
140:48
126:24 126:24
%1200 1:12:00 1
0:57:36 0:57:36
0432 0:43:12 —
0:28:48 0:28:48
G 0:14:24 - —1
0:00:00 0:00:00
ql q6 qt qt q5 q17 q19 a3 a4 as q7 a8 qt2 q18
(a) Single Fact (b) Access to LI/O

Fig. 6. Response Time Single Fact Queries
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(a) Queries LI/O (b) Queries Q9 and Q20

Fig. 7. Response Time Comparison, Queries LI/O

Finally, queries joining more than two facts using different join attributes require
repartitioning in HWP as well as H and replication of all but one fact in PRS/RR-
PRS. TPC-H contains two such queries: Query Q20 joining Lineitem to Partsupp by
ps and query Q9 joining all three relations Orders, Lineitem and Partsupp. Figure 7b
shows the response times for these queries (secs). Our strategy was on average 26%
better than H and 84% better than PRS/RR-PRS for these queries.

The PRS/RR-PRS overhead increases quickly with the number of large relations
requiring replication not only due to larger communication overhead but also due to
much larger node processing overheads.
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7 Conclusions

We have proposed and studied experimentally a partitioning, placement and join
processing solution to process join queries efficiently in a node-partitioned data ware-
house. The strategy is workload-based. Comparative evaluation against TPC-H has
shown the advantages of the strategy and alternatives.
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Abstract. Knowledge Discovery in Databases (KDD) is an iterative
process that aims at extracting interesting, previously unknown and hid-
den patterns from huge databases. Use of objective measures of interest-
ingness in popular data mining algorithms often leads to another data
mining problem, although of reduced complexity. The reduction in the
volume of the discovered rules is desirable in order to improve the effi-
ciency of the overall KDD process. Subjective measures of interestingness
are required to achieve this. In this paper we study novelty of the dis-
covered rules as a subjective measure of interestingness. We propose a
framework to quantify nowelty of the discovered rules in terms of their
deviations from the known rules. The computations are carried out using
the importance that the user gives to different deviations. The computed
degree of novelty is then compared with the user given threshold to re-
port novel rules to the user. We implement the proposed framework and
experiment with some public datasets. The experimental results are quite
promising.

1 Introduction

Knowledge discovery in databases (KDD) is a process of extracting previously
unknown, hidden, novel and interesting knowledge from massive volumes of data
stored in databases [1, 16,17]. It is an iterative process carried out in three stages.
The KDD process begins with the understanding of a problem and ends with
the analysis and evaluation of the results. It includes preprocessing of the data
(Data Preparation stage), extracting information from the data (Mining stage),
and analyzing the discovered knowledge (Analysis stage) [1,17].

Actual extraction of patterns is preceded by preliminary analysis of data,
followed by selection of relevant horizontal or vertical subset and appropriate
data transformations. This is the preprocessing stage of KDD and it is considered
to be the most time-consuming stage [2]. Often, the preparation of the data is
influenced by the extraction algorithms used during the mining (second) stage.
Data mining algorithms are applied during the second stage of the KDD process,
which is considered to be the core stage. It involves selection and application
of appropriate mining algorithm to search for patterns in the data. Sometimes
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© Springer-Verlag Berlin Heidelberg 2004
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combination of mining algorithms may be required to extract interesting patterns
from the pre-processed data [3, 18]. The outcome of this stage is the discovery of
models/patterns hidden in databases, which are interpreted and analyzed during
the third stage. The final stage of KDD process is analysis and evaluation of the
knowledge discovered in the second stage. Having obtained patterns/models is
not the end of the KDD process. Evaluation and analysis is equally important
(if not more), particularly in view of the proliferation of KDD techniques being
used to solve real-life applications.

It is common knowledge that the volume of patterns discovered from data
mining algorithms becomes huge due to the large size of target database [4,5,7,9,
10]. Identifying interesting patterns from the vast set of discovered patterns still
remains fundamentally a mining problem, though of reduced complexity. Time
required to generate rules, space required to store, maintain and understand the
rules by end users are some of the practical issues that need attention.

The problem of reducing the volume of the discovered knowledge has been
attacked at all the three stages of KDD process. Psaila proposed analysis of data
to identify meta-patterns during pre-processing stage [19]. During the data min-
ing stage, researchers commonly use either constraints or appropriate measures
of interestingness to reduce the number of discovered rules. The third stage of
the KDD process, which aims at analysis and interpreting the discovered knowl-
edge is carried out by the end user. Post analysis of the discovered patterns as
proposed in [4,6,9] aids the user to focus on a small subset of discovered pat-
terns. On account of wide variation of users’ need and their subjectivity, the end
users design and develop need based filters in an adhoc manner.

1.1 Motivation for the Present Work

The approach in [4, 6, 9] assumes that the user is familiar with the domain and
has a fair idea (“general impression”) of the trends/patterns prevalent in the
domain. In case the assumption fails (end user is new to the domain), the user
is deluged with the massive volume of discovered patterns, possibly leading to
errors in decision-making.

Our work pertains to the third stage of the KDD process. We propose a self-
upgrading filter, that captures and quantifies novelty of the discovered knowledge
with respect to (user specified) domain knowledge and previously discovered
knowledge. The domain-innocent user is aided by the filter and is always returned
“novel” rules, as per the specified threshold. The threshold can be dynamically
varied to suit the needs of users of different experience levels. The proposed
filter quantifies novelty of the discovered knowledge on the basis of deviation of
the newly discovered rules with respect to the known knowledge. We consider
unexpectedness as implicit novelty.

The paper is organized as follows: In section 2, we review the literature related
to the discovery of “novel” knowledge. Section 3 presents a generic architecture of
a post-processing filter and sets the tone for the next section. Section 4 presents
our approach to quantify the novelty. Section 5 presents the effectiveness of the
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proposed framework through experiments on real-life datasets. Finally, section
6 concludes the paper.

2 Related Works

There are many proposals that study novelty in disciplines such as robotics, ma-
chine learning and statistical outliers detection [11-14]. Generally, these methods
build a model of a training set that is selected to contain no examples of the
important (i.e. novel) class. Then, the model built; detect the deviation from
this model by some way. For instance, Kohonen and Oja proposed a novelty
filter, which is based on computing the bit-wise difference between the current
input and the closest match in the training set [11]. In [12] a sample application
of applying association rule learning is presented. By monitoring the variance of
the confidence of particular rules inferred from the association rule learning on
training data, it provides information on the difference of such parameters be-
fore and after the testing data entering the system. Hence, with some pre-defined
threshold, abnormalities can be fairly detected.

In [14], novelty is estimated based on the lexical knowledge in WordNet. The
proposed approach defines a measure of semantic distance between two words
in WordNet and determined by the length of the shortest path between the two
words (w;, w;). The novelty then is defined as the average of this distance across
all pairs of the words (w;, w;), where w; is a word in the antecedent and w; is a
word in the consequent.

The techniques that have been proposed in statistical literature are focused
on modeling the support of the dataset and then detecting inputs that don’t
belong to that support. The choice of whether to use statistical methods or
machine learning methods is based on the data, the application, and the domain
knowledge [13].

3 Novelty Framework

The notion of nowvelty of the knowledge indicates the extent to which the dis-
covered rules contribute to new knowledge for a user. It is purely subjective
and encompasses the unexpectedness of discovered model with respect to the
known knowledge (domain knowledge (DK) and previously discovered knowl-
edge (PDK)). The newness of knowledge may vary not only from user to user
but also from time to time for the same user. This makes it necessary to quantify
the degree of newness at time ¢ for user u. Figure 1 shows a generic architecture
for the proposed framework.

At time ¢;, database D; is subjected to the mining algorithm, resulting into
discovery of knowledge K;. The Novelty filter process K, in light of knowledge
that the user already has and the previously discovered knowledge i.e. known
knowledge!. The filter can be designed based on either syntactic or semantic

! This necessitates storage of DK and PDK in rule base before any matching techniques
can be used.
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Fig. 1. Novelty Framework Architecture

matching techniques. In this work, we focus on syntactic techniques and leave
semantic techniques for future work.

To evaluate the novelty of a rule, we have to measure the deviation at con-
junct level first. When the deviation of conjuncts of a rule has been detected, it
can be generalized to rule level. The following subsections describe the approach
for computing these two types of deviation.

3.1 Deviation at Conjunct Level

Deviation degree of a conjunct is determined based on the result of a matching
comparison of the conjuncts of currently discovered knowledge (CDK) against
those conjuncts in DK/PDK. All conjuncts in DK/PDK/CDXK should have the
same knowledge representation and the rules must be comparable. A rule is
comparable if it has at least one conjunct contains an attribute that exists in
DK/PDK and the consequents are same. When comparison, the attributes, op-
erators, and attribute values of CDK are compared against attributes, operators,
and attribute values of DK and PDK respectively.

We suggest five possible degrees of deviation for the conjuncts as shown in
definition 1. We believe that, these situations of deviation degree are sufficient
enough to define the deviation at conjunct level. These degrees vary from devi-
ation degree = 0 which indicates no deviation exist between any two conjuncts,
and deviation degree = 4 which indicates higher deviation which means that
the attributes tests are not matching at all, and therefore, implies new conjunct.

3.2 Deviation at Rule Level

The deviation of a rule can be estimated by generalizing the deviation at con-
juncts level. The rule must be comparable before any matching can be conducted.
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A rule is comparable with another rule if they have the same consequent; other-
wise, the discovered rule is having highest degree of deviation. A rule deviation
is calculated as a linear combination of deviation of the set of conjuncts of the
rules in DK/PDK. After rule deviation is computed, we have to decide either
the rule is novel or simply a deviation of an existing rule. Whether a rule is novel
or not depends on the user feeling about the domain, which is determined by a
certain threshold value.

4 Quantification of Novelty

A rule R has the form: A — C where A denotes an antecedent and C denotes a
consequent. Both A And C are in CNF (c1 Nea...ck). The conjuncts ¢; are of
the form A;0,Vi, where A is an attribute, Dom(A) is the domain of A, and V €
Dom(A), O € {=,<,>,<,>}. We consider both A and C as sets of conjuncts in
our framework. In this section we give definitions, which are used subsequently
in the proposed framework. We consider two conjuncts comparable if and only
if they involve the same attributes.

Definition 1. Let ¢; and co be two conjuncts A101V1 and AQOQVQ respectively.
The deviation of c1 with respect to co is defined as follows:

O ’LfA1 = AQ,Ol = 02, and Vl = ‘/2

11 if Ay = A2,01 =02, and V1 # V2

Aler,e2) =4 72 Z'fA1 = 42,0:1 # 0:27 and Vi = V3 (1)
vs if A1 = A2,01 # Oz, and Vi # V3
Y4 otherwise

Y1, Y2, V3, and -4 are user specified numeric quantities, such that 0 <y, < v, <
13 <7 <1

Definition 2. Let S1 and S2 be two sets of conjuncts. We define a matching
function (S, S2) as follows:

0 3ff |S1]| = |S2],Ve; € S1,3e; € Sa,such that A (ci,cj) =0
1/)(51,52) = 1 Ve; € Sl,EICj € Sy ,S’LLC]’L that /\ (Ci,Cj) < Y4
3 otherwise,0 < 3 <1

(2)

where 3 = ﬁ Deies) 2oees, Min A (i, ¢5)

As per definition 2, (S, S2) = 0 indicates that S; and S are identical,
¥(S1,S2) = 1 indicates the extreme deviation and computed value of 8 quantifies
an intermediate degree of deviation.

Definition 3. Let R®; : A; — C1 and Ry : Ay — Cs be two rules. We say that
Ry is comparable with respect to R, if :

P(C1,C2} =0 (3)
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Definition 4. Let R, : A; — C and Rs : As — C be two comparable rules. We
say that N1 is generalization of RNa, denoted by G(R1,Ra) if :

G(?R1,?RQ)={1 iﬁA1CA2} @)

0 otherwise

the degree of generalization of R1 with respect to Ra is defined as:

—p - A0 (5)
| Az|

Definition 5. Let R; : A; — C and Ro : As — C be two comparable rules. We
say that Ry is specialization of Ra, denoted by SR, RNa) if :

S(Ry. Ry) = {1 iff Ay C Ay } (6)

0 otherwise

the degree of specialization of R1 with respect to Re is defined as:

AnA
§=1-— M (7)
| A1
The next definition is the basis of computation of the degree of novelty of rule.
We, suggest that a rule’s deviation degrees can be classified into five categories,

as shown in the following definition.

Definition 6. Let % : Ay — Cy and Ry : Ay — Cy be two rules. The deviation
of R1 with respect to Na denoted by A(Rq1,Ra) is computed as follows:

0 iff Y (A1, A2) = 0 and ¢(C1,C2) = 0

g iff GRy, M) =1

AR, R2) =4 iff S(?F_El,?fﬁg) =1 ()
1 iff Y(C1,C2) =1
I6) otherwise

where 0 < g,$,6 <1, and 3, § and § are computed as per definitions 2, 4 and
5 respectively.

As per definition 6, A(R1,R2) = 0 indicates that R; and Ry are identical,
A(R1,R2) = 1 indicates the extreme deviation between $1 and Ro. A(Rq, Re) =
0 indicates intermediate degree of deviation of R, with respect to Re. ¢ and $
indicate the degree of generalization and specialization respectively as per the
case. The user is encouraged to specify the thresholds to sift novel rules based
on the computation of A(Ry, Ra).

5 Implementation and Experimentation

The novelty framework is implemented and tested using real-life datasets. The
system is built using ¢ programming language. Since, there is no other approaches
available, which handle the novelty, we could not perform any comparison against
our framework. We will explain our framework through the following experi-
ments.
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5.1 Experiment 1 — The Heart Disease Dataset

The first experiment was run on the Heart Disease Dataset that is created by
George John and appears on the UCI ML Data Repository at http://kdd.
ics.uci.edu. It contains 13 attributes and 270 instances and two classes that
determine either a person is or is not having heart disease. We obtain a set of rules
to represent a user’s domain knowledge. This set of rules has the same form as the
rules discovered by CBA rules [15]. We generate rules using CBA classifier with
0.1% and 1% to indicate minimum confidence and minimum support respectively.
Further, we partition the dataset into two groups each of which has 135 instances
which represent instances at time 77 and time T5. CBA discover 26 and 31 rules
at time T7 and T respectively as shown in Fig. 2.

Time | No. of Instances Novel | Unexpected Conform
rules rules rules

Tl 135 5 12 9

™ 135 2 13 16

Total 270 7 25 24

Fig. 2. The discovered knowledge at time 771 and T»

For better understanding our framework, let’s consider the following set of
rules discovered by CBA at time 7T7:
R1 : sex = male — yes
R1 : Angina > 0.5N MaxHeartRate < 150.5 N ChestPain > 3.5 — 2
Ro : Thal > 4.5N Angina > 0.5N MaxHeartRate < 150.5 — 2
R3 : Thal < 4.5N ST Slope > 1.5N MaxHeartRate > 150.5 N Age < 54.5 — 1
Ry : Vessels > 0.5N MaxHeartRate > 150.5 N ChestPain > 3.5 — 2
R5 : OldPeak < 0.85N Angina < 0.5 N MaxHeartRate < 150.5 — 1
Re : Vessels < 0.5N ChestPain < 3.5N Age < 54.5 — 1
K7 : OldPeak > 0.85N MaxHeartRate < 150.5 N ChestPain > 3.5 — 2
Rs : Vessels < 0.5N ST Slope < 1.5N ChestPain < 3.5 — 1
Ko : Thal > 4.5N OldPeak > 0.85 N MaxHeartRate < 150.5 — 2
The user specified domain knowledge (DK) as follows:
1. ChestPain < 3.5N Sex < 0.5 — 1
2. Sex < 0.5NAge < 54.5 — 1
3. MazxHeartRate < 147N Age < 54.5 — 2
4. ChestPain > 3.5N Sex < 0.5 — 2
Notice that, the number between [ ] indicates the degree of deviation. If the user
provides the following threshold values for conforming, generalizing/specializing,
unexpected, and novel rules:
0 < Dewiation < 0.3 — Conforming rule
0.3 < Deviation < 0.3003/0.3004 —Generalizing/Specializing rule
0.3003/0.3004 < Deviation < 0.6 —Unexpected rule
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Deuviation > 0.6 —Novel rule.
Our framework discovered the following set of rules at time T7:

Novel Rules.

R4[1.000], R3[1.000], R9[0.667]

Unexpected Rules.

R2[0.333): This rule is unexpected with respect to ; in PDK with deviation
degree 0.33 since its deviation degree with Rz in DK is 0.7.

R4[0.433]: This rule is unexpected since its deviation degree with %y in DK
is 1 while it is 0.43333 with respect to ®; in PDK.

R5[0.575]: It is unexpected since its deviation degree with $3 in DK is 1
while it is 0.575 with respect to R3 in PDK.

R6[0.500]: This rule is unexpected with respect to R3 in PDK with deviation
degree 0.50 since its deviation degree with respect to $; or Ro in DK is 1.
R7[0.333]: The rule is unexpected with respect to R; in PDK with deviation
degree 0.333 since its deviation degree with respect to R3 or R4 in DK is 1.
Rs[0.575]: The rule is unexpected since its deviation degree with R; or o
in DK is 1 while it is 0.575 with respect to 3 in PDK.

Conforming Rules

Due to the threshold values maintained, no conforming rules found at time
7.

Furthermore, the following rules are discovered using CBA at time T5:

R0
R
R12
1

13
R4

: Thal > 6.5 N OldPeak > 1.15N ChestPain > 3.5 — 2
: Vessels > 0.5N ST Slope > 1.5 N OldPeak > 1.15 — 2
: Thal < 6.5NVessels < 0.5N0OldPeak < 1.15NMaxHeartRate > 147.5 —

: ST Slope < 1.5N MaxHeartRate > 147.5 N ChestPain < 3.5 — 1
: Thal < 6.5N Vessels < 0.5 N MaxHeartRate > 147.5 N ChestPain <

3.5—1

Ri5

%16 .
%17 .
8%18 :
3%19 :

1

: Vessels > 0.5N ST Slope > 1.5 N ChestPain > 3.5 — 2

Thal > 6.5N Vessels > 0.5N ChestPain > 3.5 — 2

Vessels > 0.5N Angina > 0.5 N ChestPain > 3.5 — 2

Thal < 6.5N Vessels < 0.5N OldPeak < 1.15N Angina < 0.5 — 1

Thal < 6.5N0ldPeak < 1.15N Angina < 0.5NMaxHeartRate > 147.5 —

Applying the novelty framework to these discovered rules at time 75 taking into
consideration the same DK and the same threshold values as well as the rules
which are already discovered at time 77, the following type of rules are generated:

Novel Rules.

R11[0.700], R16[0.667], R15[0.775]

Unexpected Rules.

R10[0.400], R12[0.550], R13[0.350],3R14[0.550], R15[0.333], R17[0.333]
Conforming Rules.

R19[0.250]
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5.2 Experiment 2 — The Adult Dataset

The second experiment was run on the census-income database that appears on
the UCI ML. Data Repository at http://kdd.ics.uci.edu. This dataset contains 6
continuous, 8 nominal attributes, 48842 instances, mix of continuous and discrete
(train=32561, test=16281), and two classes determine either a person’s income
is < 50K or > 50K . With the same confidence and support of first experiment,
we run CBA against 8 partitions of the dataset representing instances arrive
at time 14,75, 13,74, T5,T6, 17, and Ty respectively. Fig. 3 shows the different
types of knowledge that are generated. We assume that the user does not have
any background knowledge about domain and hence the discovered knowledge
is compared against PDK only.

Time | No-of | Discovered | Ngvel Rules | Unexpected rules | Conforming rules
tuples rules

Ti 4000 345 2 111 192
™ 4000 279 16 94 169
3 4000 318 15 125 178
T4 4000 387 37 130 220
TS 4000 327 25 99 203
To 4000 348 23 o7 228
7 4000 298 19 91 188
Ts 4561 338 19 124 195

Total | 32561 2640 196 871 1573

Fig. 3. The discovered knowledge at time 71 to Ty

The results were simply enough to show the effectiveness of our frame-
work and produce different types of knowledge include conforming, general-
ized /specialized, unexpected and novel rules.

6 Conclusion and Future Work

In this paper, we propose a framework for self-upgrading post-analysis filter used
in Analysis stage of KDD process. The filter is based on quantification of novelty
of the currently discovered rules (CDK) with respect to domain knowledge (DK),
and previously discovered knowledge (PDK). We capture the user subjectivity
by asking for thresholds for labeling different types of rules. The framework
is implemented and evaluated using two datasets and has shown encouraging
results.

Our future work includes enhancing the novelty framework using semantic
matching techniques. Currently the work is going on to embed the framework in
the mining algorithm, thus using it in the Mining stage of the KDD process.
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Abstract. As a side effect of unprecedented amount of digitization of
data, classical retrieval tools found themselves unable to go further be-
yond the tip of the Iceberg. Data Mining in conjunction with the Formal
Concept Analysis, is a clear promise to furnish adequate tools to do so
and specially to be able to derive concise generic and easy understandable
bases of “hidden” knowledge, that can be reliable in a decision making
process. In this paper, we propose to revisit the notion of association
rule redundancy and to present sound inference axioms for deriving all
association rules from generic bases of association rules.

1 Introduction

The last two decades witnessed the emergence of Data mining, with a clear
promise to efficiently discover valuable, non obvious information from large
databases by furnishing the adequate techniques and/or tools. Much research
in data mining from large databases has focused on the discovery of association
rules [1-3]. However, exploiting and visualizing association rules became far from
being a trivial task, mostly because of the huge number of potentially interesting
rules that can be drawn from a dataset. Various techniques are used to limit the
number of reported rules, starting by basic pruning techniques based on thresh-
olds for both the frequency of the represented pattern (called the support) and
the strength of the dependency between premise and conclusion (called the con-
fidence). More advanced techniques that produce only a limited number of the
entire set of rules rely on closures and Galois connections [4-6]. These formal
concept analysis (FCA) [7] based techniques have in common a feature, which
is to present a better trade-off between the size of the mining result and the
conveyed information than the “frequent patterns” algorithms. Finally, works
on FCA have yielded a row of results on compact representations of closed set
families, also called bases, whose impact on association rule reduction is cur-
rently under intensive investigation within the community [4,5,8]. Therefore,
the problem of mining association rules might be reformulated under the FCA
point of view as follows [9]:

Y. Kambayashi et al. (Eds.): DaWaK 2004, LNCS 3181, pp. 58-67, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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1. Discover two distinct “closure systems”, i.e., sets of sets which are closed
under the intersection operator, namely the two “order ideals” [7]: the set
of closed itemsets and the set of minimal generators. Also, the upper covers
(Cov*) of each closed itemset should be available.

2. From all the information discovered in the first step, i.e., two closure systems
and the upper covers sets, derive generic bases of association rules (from
which all the remaining rules can be derived).

Once these generic bases were obtained, all the remaining (redundant) rules
can be derived “easily”. However, none of the reported works was interested
in providing inference mechanisms to derive all the remaining rules. Indeed, a
lot of shadow zones still remain in the derivation process. For example, is it
sufficient to augment a generic exact rule’s premise by an item of the same rule’s
conclusion? Are those generic bases “self containing”?, i.e., do they contain all
the necessary information to derive all the remaining association rules?

In this paper, we try to find an answer to the above mentioned questions and
to provide the adequate tools, through inference axioms, to derive all association
rules from the generic bases. It is noteworthy that such derivation process could
be useful in a visualization prototype [10]. Indeed, aiming to avoid a user knowl-
edge overwhelming, only generic bases of association rules are visualized first.
Then, once a user focuses on a particular rule, then additional knowledge could
be furnished on demand (as recommended in Shneiderman’s guidelines [11]).

The remainder of the paper is organized as follows. Section 2 introduces
the mathematical background of FCA and its connection with the derivation of
(non-redundant) association rules bases. Section 3 introduces a new definition
of association rule redundancy and discusses in depth the process of association
rule derivation from both exact and approximative generic bases of association
rules. We provide for both generic bases a set of inference axioms that we prove
their soundness. Section 4 concludes this paper and points out future research
directions.

2 Mathematical Background

In the following, we recall some key results from the Galois lattice-based para-
digm in FCA and its applications to association rules mining.

2.1 Basic Notions

In the rest of the paper, we shall use the theoretical framework presented in [7].
In this paragraph, we recall some basic constructions from this framework.

Formal Context:

A formal context is a triplet £ = (O, A, R), where O represents a finite set
of objects (or transactions), A is a finite set of attributes and R is a binary
(incidence) relation (i.e., R C O x A). Each couple (0,a) € R expresses that the
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transaction o € O contains the attribute a € A. Within a context (c.f., Figure 1
on the left), objects are denoted by numbers and attributes by letters.

We define two functions, summarizing links between subsets of objects and
subsets of attributes induced by R, that map sets of objects to sets of attributes
and vice versa. Thus, for a set O C O, we define ¢(O) = {a | Vo,0 € O = (0,a) €
R}; and for A C A, ¥(A) ={o|Va,a € A= (0,a) € R}. Both functions ¢ and
1 form a Galois connection between the sets P(A) and P(O) [12]. Consequently,
both compound operators of ¢ and ¥ are closure operators, in particular w = ¢ov
is a closure operator.

In what follows, we introduce the frequent closed itemset!, since we may only
look for itemsets that occur in a sufficient number of transactions.

Frequent Closed Itemset: An itemset A C A is said to be closed if A = w(A),
and is said to be frequent with respect to minsup threshold if supp(A)= %

> minsup.

Formal Concept: A formal concept is a pair ¢ = (O, A), where O is called
extent, and A is a closed itemset, called intent. Furthermore, both O and A are
related through the Galois connection, i.e., ¢(O) = A and ¢(A) = O.

Minimal Generator: An itemset g C A is called minimal generator of a closed
itemset A, if and only if w(g) = A and fig’ C g such that w(g’) = A [4]. The
closure operator w induces an equivalence relation on items power set, i.e., the
power set of items is partionned into disjoint subsets (also called classes). In
each distinct class, all elements are equal support value. The minimal generator
is the smallest element in this subset, while the closed itemset is the largest one.
Figure 1(Right) sketches sample classes of the induced equivalence relation from
the context K.

Galois Lattice: Given a formal context I, the set of formal concepts Cx is
a complete lattice L. = (C, <), called the Galois (concept) lattice, when Ci is
considered with inclusion between itemsets [7,12]. A partial order on formal
concepts is defined as follows V ¢1,¢a € Ci, ¢1 < ¢ iif intent(c2) C intent(cy),
or equivalently extent(ci) C extent(cs).

The partial order is used to generate the lattice graph, called Hasse diagram,
in the following manner: there is an arc (c1,c¢2), if ¢ < ¢ where < is the
transitive reduction of <, i.e., Veg € Cx, ¢1 < c3 < ¢ implies either ¢; = ¢3 or
Cy = C3.

Iceberg Galois Lattice: When only frequent closed itemsets are considered
with set inclusion, the resulting structure (ﬁ, C) only preserves the LUBEs, i.e.,
the joint operator. This is called a join semi-lattice or upper semi-lattice. In the
remaining of the paper, such structure is referred to as “Iceberg Galois Lattice”.

FEzample 1. Let us consider the extraction context given by Figure 1 (Left).
The associated Iceberg Galois lattice, for minsup=2, is depicted by Figure 1

! Ttemset stands for a set of items.
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Fig. 1. Left: Extraction context L Right: Associated sample of equivalence relation
classes Bottom: Associated Iceberg Galois lattice for minsup =2.

(bottom)?. Each node in the Iceberg is represented as couple (closed itemset;
support) and is decorated with its associated minimal generators list.

In the following, we present the general framework for the derivation of associ-
ation rules, then we establish its important connexion with the FCA framework.

2.2 Derivation of (Non-redundant) Association Rules

Let T = {i1,42,...,im} be a set of m distinct items. A transaction T, with
an identifier further called TID, contains a set of items in Z. A subset X of 7
where k = |X]| is referred to as a k—itemset (or simply an itemset), and & is
called the length of X. A transaction database, say D, is a set of transactions,
which can be easily transformed in an extraction context . The number of
transactions of D containing the itemset X is called the support of X, i.e.,
supp(X)=| {T' € D | X C T} |. An itemset X is said to be frequent when
support(X) reaches at least the user-specified minimum threshold minsup.

Association rule derivation is achieved from a set F' of frequent itemsets in
an extraction context ||, for a minimal support minsup. An association rule R is
a relation between itemsets of the form R: X = (Y — X), in which X and Y are
frequent itemsets, and X C Y. Itemsets X and (Y — X) are called, respectively,
premise and conclusion of the rule R. The valid association rules are those whose
the strength metric conf(R)= % is greater than or equal to the minimal
threshold of confidence minconf. If conf(R)=1 then R is called ezact association
rule (ER), otherwise it is called approzimative association rule (AR).

The problem of the relevance and usefulness of extracted association rules is
of primary importance. Indeed, in most real life databases, thousands and even

2 We use a separator-free form for sets, e.g., AB stands for {4, B}.
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millions of high-confidence rules are generated among which many are redun-
dant. This problem encouraged the development of tools for rule classification
according to their properties, for rule selection according to user-defined criteria,
and for rule visualization. In this paper, we are specially interested in the lossless
information reduction, which is based on the extraction of a generic subset of all
association rules, called base, from which the remaining (redundant) association
rules may be derived. Bastide et al. considered the following rule-redundancy
definition [13]:

Definition 1. An association rule R: X = Y is a minimal non-redundant as-
sociation rule iff  an association rule Ri: X; = Yy fulfilling the following
constraints:

1. supp(R) = supp(R1) and conf(R) = conf(R1);
2. X, C Xand YC Y1 3,

Exact association rules, of the form R: X = (Y'), are implications between two
itemsets X and XY whose closures are identical, i.e., w(X) = w(XY). Indeed,
from the aforementioned equality, we deduce that X and XY belong to the same
class of the equivalence relation induced by the closure operator w on P(A) and
then supp(X)= supp(XY) (i.e., conf(R) = 1).

Bastide et al. characterized what they called “the generic basis for exact as-
sociation rules” (adapting the global implications base of Duquenne and Guigues
[14]). The generic base for exact association rules, that has been proved to be
lossless information, is defined as follows:

Definition 2. Let FC be the set of frequent closed itemsets extracted from the
context and, for each frequent closed itemset c, let us denote G. the set of minimal
generators of c. The generic basis for exact association rules is as follows:

GB={R:g=(c—9g)|ce FC and g € G. and g # c}.

The authors also characterized the informative basis for approximate asso-
ciation rules, based on extending the family of bases of partial implications of
Luzenburger [15] e.g., cover, structural and arborescent bases. The informative
basis is defined as follows :

Definition 3. The informative basis for approximate association rules is given
by: LuzeB={R| R : X =Y, Y€ FC and w(X) < Y and c=conf(R) > minconf
and supp(Y) > minsup}.

With respect to Definitions 2 and 3, we consider that given an Iceberg Galois
lattice, representing precedence-relation-based ordered closed itemsets, generic
bases of association rules can be derived in a straightforward manner. We assume
that in such structure, each closed itemset is “decorated” with its associated list
of minimal generators. Hence, AR represent “inter-node” implications, assorted
with a statistical information, i.e., the confidence, from a sub-closed-itemset to
a super-closed-itemset while starting from a given node in an ordered structure.

3 The strict inclusion is relaxed in [4].
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Rule #|Implication

|Rule #|Implication||Rule #|Implicati0n|

Ry E=B — —

Ro B=E Rs C=A Ris B=CE
R A=C Ro CZBE Ruu  |[E2ABC
Ry |BC=E Rio  |C2ABE ||Ris |B2ACE
Rs |CE=B R |APBCE ||Rie  |BCEAE
fis | AB=CE R EZBC  |R CEZAB
Rr AE=BC 12 = 17 =

Fig. 2. Left: non-redundant exact association rules Right: non-redundant approxi-
mative association rules.

Inversely, FR are “intra-node” implications extracted from each node in the
ordered structure. For example, Generic bases of exact and approximative asso-
ciation rules that can be drawn from the context /C, are respectively depicted in
Figure 2 (Left and Right).

3 Deriving All Association Rules

Little attention was paid to reasoning from generic bases comparatively to the
battery of papers to define them. Essentially, they were interested in defining
syntactic mechanisms for deriving rules form generic bases. In [16], the author
presented a definition of a generic base and the associated derivation axioms.
However, two drawbacks may be addressed. At first, only frequent itemsets are
used to define the generic base, and one can imagine the length and the number
of such frequent itemsets that could be derived from correlated extraction con-
texts. Second, the introduced generic base is not informative, i.e., it may exist
a derivable rule for which it is impossible to determine exactly both its sup-
port and confidence. In [17], the author introduced another syntactic derivation
operator, called the cover, defined as follows: Cover(X =Y) = {XUZ =V |
ZVCYANZNV =0AV #(0}. The number of the derived rules from a rule R:
X = Y is equal to |[Cover(R)|=3"-2", where |Y|=m. For a derived rule R’, we
have conf(R”)= maz { conf(R;)| R’€ Cover(R;)}. In the case of dense extrac-
tion contexts, where the length of conclusion rule drawn form such contexts are
particularly high, one can claim that deriving association rule “informatively”
(i.e., with their associated confidences) is nearly unfeasible. In what follows, we
try to provide mechanisms to derive all association rules from generic bases. As
defined, generic bases of association rules provide the “maximal boundaries” in
which stand all the derivable rules. Indeed, a derivable rule cannot present a
smaller premise than that of its associated generic rule, i.e., from which it can
be derived. On the other hand, a derivable rule cannot present a larger conclu-
sion than that of its associated generic rule. That’s why we do not agree with
the conclusion’s strict inclusion relaxing in the redundancy definition presented
in [4]. Therefore, we try to revisit the redundancy definition presented in Def-
inition 1 and we will show through a toy example that it is not sufficient. For
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example, let us consider the exact rule R: AB=-C that can be drawn from the
extraction context depicted in Figure 1 (Left). With respect to Definition 1, R is
not considered as redundant (or derivable). However, R can be easily derived, by
decomposing the rule’s conclusion, from the generic exact association rule Rg:
AB=-CE. We can converge to the same claim when we consider the approxima-

tive rule R AXB which can be easily derived from the generic approximative
rule Riq: AXBCE without that such “derivability” is formally catched out by

Definition 1. That’s why to palliate such insufficiency, we propose the following
rule’s redundancy.

Definition 4. Let AR be the set of association rules that can be drawn from a
context KC. A rule R: X=Y * € ARy is considered as redundant (or derivable)
with respect to (from) Ry: X1=Y7 if R fulfils the following conditions:

1. Supp(R)=Supp(R1) and conf(R)=conf(R1)=c
2 (XiCcXandYCYi)or (X3 =Xand YC Y1)

With respect to Definition 4, the rule AB=-C is considered as derivable from
the rule AB=-CE. Now, if we try to roughly guess how to derive association
rules from generic bases, we will find that it can be done through two inference
mechanisms. Indeed, since a generic rule’s premise is minimal then one can guess
that it is possible to augment this premise to derive another association rule.
Also, since a generic rule’s conclusion is maximal then one can derive another
rule by splitting this conclusion. In the following, we will discuss in depth the
association rules derivation process and we show that it is based mainly on a
couple of augmentation/decomposition operations.

3.1 Axiomatizing Generic Bases of Exact Association Rules

In this subsection, we will try to axiomatize the derivation of exact association
rules from its associated generic base. In the following, we introduce a set of
inference axioms, providing mechanisms to derive exact association rules from
the generic base of exact association rules, and prove their soundness.

Proposition 1. Let ERBx and EARc be the set of generic exact rules and the
set of exact association rules, respectively, that can be drawn from a context K.
Then, the following inference axioms are sound:

AO.Reflexivity: If X=Y € ERBx then X=Y € EARk
Al.Decomposition: If X=Y € ERBx then X=7Z € EARx,VZC Y
A2.Augmentation If X=Y € ERBk then XU Z=Y-{Z} € EAR,VZC Y

Proof. A0.Reflexivity: follows from the proper definition of the generic base
of exact association rules.

4 When conf(R: X=5Y) =1, then c is omitted, i.e., R is written as R: X=Y.
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Al.Decomposition: Since X=Y € ERBi, we know that all itemset standing
in the interval [X, XY] belong to the same equivalence relation class, i.e.,
for all itemset I: X<I<XY, we have supp(X)=supp(I)=supp(XY). There-
fore, since Z C Y, then, by construction, the itemset XZ belongs to the
interval [X, XY], i.e., [X,...,XZ,..., XY]. Hence, supp(XZ)=supp(X) and
conf (X=27)=1, i.e,, X=7 € EARk.

A2.Augmentation Since X=Y € ERBi, then conf(X=Y)=1, i.e., supp(X)=
supp(XY). We have to show that the interval [XZ,XZY] is included in that
of [X,XY]. Since, X<XZ<XY, then X is a lower bound of XZ and from the
fact that Z C Y, we can conclude that XZY=XY. Therefore,[XZ,XZY] C
[X,XY]. Hence, conf(X U Z=Y-{Z})=1 and X U Z=Y-{Z}€ EAR.

Example 2. Let us consider the generic base of exact rules depicted in Fig-
ure 2 (Left). Then by applying the axiom set, we extract the set of exact asso-
ciation rules, which are depicted in Figure 3 (Top). Note that all derived rules
using the Decomposition axiom are marked by an (*), and those derived thanks
to the Augmentation axiom are marked by a (F).

3.2 Axiomatizing Generic Bases
of Approximative Association Rules

In this subsection, we will try to axiomatize the derivation of approximative
association rules from its associated generic base. In the following, we provide
a set of inference axioms, providing mechanisms to derive approximative asso-
ciation rules from their associated approximative generic base, and prove their
soundness.

Proposition 2. Let ARBx and AAR the set of generic approximative rules
and the set of approrimative association rules, respectively, that can be drawn
from a context K. Then, the following inference axioms are sound:

AO0.Reflexivity: If X =Y € ARBx then X=>Y € AARx

A1l.Decomposition: If X=Y € ARBy then X7 € EARk /| XZ|=|XY] and
Zcv.

A2.Augmentation If X=Y € ARBx then X U Z5Y-{Z} € AARx / |XZ|
=|X| and Z C Y.

Proof. AO.Reflexivity: follows from the proper definition of the generic base
of approximative association rules.

A1l.Decomposition: Since, XY € ARBx then conf(X=5Y)=c < %:c &
IXY|=|X]|x c. We have also |XZ|=|XY], then |XZ|= |X|x c. Therefore, the
rule X=7 holds since Z C Y. Hence, X7 € EARk.

A2.Augmentation Since, X=Y € ARBk then conf(X=>Y)=c < %:c. We

have to prove that “);ZZ}‘/l =c. Indeed, from Z C Y we can say that XZY=XY.

From the equality |XZ|=|X|, we have “‘);ZZYH :%:c. Therefore, X U Z=5Y-
{Z} € AARk.
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Ezxample 3. Let us consider the generic base of approximative rules depicted in
Figure 2 (Left). Then by associated axiom set, we extract the set of approxima-
tive association rules, which are depicted in Figure 3 (Bottom). Note that, all
derived rules using the Decomposition axiom are marked by an (*), and those
derived thanks to the Augmentation axiom are marked by a ().

E=B |[B=E [|A=C BC=E |[CE=B AB=CE |AE=BC
AB=C*|AB=E*|AE=B *|AE=C*|ABC=E" |ABE=C"|ACE=B"
cZA CEBE |C2ABE|AXBCEEZBC |BZCE
E2ABC |B2ACE |BCZAE|CEZABIACEBEY |BELCH
BE=2ACH|BCEZAT|CEB* |CZE* |C2AB* |C=2AE"
AXB  AXBC* |AYBE* AXCEr [EZC  |BECr
E2A* |E2AB* |E2AC* B2A* |BRAC* |B2AE*
BCZEA* |[CEZA* [ACEB* [ACYE" |BE2A* |BE&C*

Fig. 3. (Top) Set of all exact association rules drawn from the context K. (Bottom)
Set of all approximative association rules drawn from the context IC.

It is important to mention that for deriving all approximative association
rules, the order of applying the inference axioms is important. Indeed, we have
to apply first the Augmentation axiom and next apply the Decomposition axiom
on the resulting set of association rules, i.e., set of approximative generic rules
and those derived by the Augmentation axiom. For example, if we begin by
applying the Decomposition axiom first, we risk to miss deriving the last four

rules depicted in Figure 3, i.e., ACEB, ACEE, BE2A and BEZC.

Another fact concerning the “informative” property of the presented generic
bases. Since all the necessary information is stored in the generic exact associa-
tion rule base, it is easy to determine the support of an itemset in a derived rule.
Indeed, by concatenation of the premise and the conclusion of a generic exact
rule, we obtain the associated closed itemset and its associated support?®.

4 Conclusion

In this paper, we reported a syntactic and semantic discussion about generic
bases of association rules. We provided also a set of sound inference axioms
for deriving all association rules from generic bases of association rules. It is
noteworthy that, contrarily to what was claimed by many authors, generic base
of approximative association rules is not self containing. The reported algorithms
are currently under implementation in order to include them in a graphical
association rules visualization prototype [10].

5 It is known that the support of an itemset is equal to the support of the smallest
closed itemset containing it.
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Abstract. Due to the dynamic nature of online information, XML doc-
uments typically evolve over time. The change of the data values or struc-
tures of an XML document may exhibit some particular patterns. In this
paper, we focus on the sequence of changes to the structures of an XML
document to find out which subtrees in the XML structure frequently
change together, which we call Frequently Changing Subtree Patterns
(FCSP). In order to keep the discovered patterns more concise, we fur-
ther define the problem of mining maximal FCSPs. An algorithm derived
from the FP-growth is developed to mine the set of mazimal FCSPs. Ex-
periment results show that our algorithm is substantially faster than the
naive algorithm and it scales well with respect to the size of the XML
structure.

1 Introduction

With the fast proliferation of available XML documents, data mining community
has been motivated to discover knowledge from XML repositories. For example,
recently, there has been increasing research effort in mining association rules
from XML documents[2]; classifying XML data [8] and clustering XML[9]. One
of the common features shared by existing work on XML mining is that they
usually mine from a collection of XML documents at a certain time point.

Due to the dynamic nature of online information, XML documents typically
evolves over time. Consequently, issues related to detecting changes to XML
documents received considerable attention recently[13][5]. Detected changes to
XML can be used in search engines, XML query systems etc, however, to the
best of our knowledge, they have never been used for data mining. In this paper,
we propose to learn knowledge from changes to XML. Particularly, we study
mining frequent patterns from a sequence of changes to an XML document.

Current work on mining frequent patterns from XML documents exploited
two types of data in XML: XML content and XML structure. The former dis-
covers which data values occur together frequently|[2]; the latter finds out which
substructures usually appear together in an XML document[11]. Correspond-
ingly, changes to XML documents can be divided as changes to XML content
(also called content deltas) and changes to XML structure (also called struc-
tural deltas). Then, frequent patterns mined from XML content deltas discover
which data values frequently change together, whereas frequent patterns mined

Y. Kambayashi et al. (Eds.): DaWaK 2004, LNCS 3181, pp. 68-76, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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from XML structural deltas find out which substructures are usually adjusted
together. In this paper, we focus on the latter to mine frequent patterns from
the changes to XML structure.

Discovered frequently changing subtree patterns can be useful in a wide range
of applications. We enumerate some as follows.

— Structure-based Document Clustering: Clustering XML documents
based on the structures embedded in documents is proposed in [12]. However,
it may not be accurate enough to cluster according to structures existing in
a particular snapshot only. In some cases, the evolutionary patterns of the
structures can distinguish documents with higher precision. Then frequently
changing subtree patterns mined from historical versions of different XML
documents can be used to discriminate XML documents whose structures
are similar in a snapshot but evolve differently.

— Semantic XML Search Engine: If two subtrees in an XML structure
frequently change together, it is likely that the objects represented by the
two subtrees have underlying semantic correlation. Then frequently changing
subtree patterns can be used by semantic XML search engine [6], which
returns semantically related document fragments that satisfy users’ queries.

Therefore, novel knowledge obtained by mining changes to XML documents are
useful. We then, in [4], proposed to mine Frequently Changing Subtree Patterns
(FCSP) from a sequence of changes to an XML document. Given a sequence
of historical versions of an XML document, we discovered which subtrees of the
XML structure frequently change together. In order to keep the set of discovered
FCSPs concise so that knowledge can be understood easily, we define the no-
tion of mazimal FCSPs in this paper, which contains only concise information
of FCSPs. Our definition on mazimal FCSPs is fundamentally different from
the traditional definition on maximal frequent patterns because of the different
framework, which necessitates developing new mining solutions.
The main contributions of this paper are summarized as follows.

— A new problem of mining maximal frequent pattern from structural changes
to historical XML documents is formally defined. The inherent relationship
between discovered FCSPs is exploited to define the concise set of mazimal
FCSPs.

— An algorithm, derived from the FP-growth algorithm, is developed to mine
the set of mazimal FCSPs.

— Experiments are conducted to evaluate the efficiency and scalability of the
designed algorithm.

The remainder of the paper is organized as follows. We define the problem of
mazximal FCSP mining formally in Sections 2. Section 3 presents the algorithm
we developed for mazimal FCSP mining. In Section 4, we evaluate the perfor-
mance of the algorithm based on some experimental results. We conclude our
work and discuss future work in Section 5.
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2 Problem Statement

In this section, we first describe some preliminary concepts and basic change
operations resulting in structural changes. Then, we define several metrics to
measure the change degree and the change frequency of substructures. Finally,
the problem of maximal FCSP mining is defined based on the metrics.

An XML document can be represented as a tree according to Document
Object Model (DOM) specification. In this paper, we model the structure of an
XML document as an unordered tree T = (N, E), where N is the set of nodes
and F is the set of edges. Then substructures in the XML document can be
modelled as subtrees. A tree t = (n, e) is a subtree of T, denoted as t < T, if and
only if n C N and for all (z, y) € e, = is a parent of y in T. Actually, we treat an
XML tree T as a forest which is a collection of subtrees ¢ < T. Furthermore, we
call subtree t an ancestor of subtree ¢ if the root of ¢ is an ancestor of the root
of t. Conversely, subtree ¢ is a descendant of subtree £. In the context of FCSP
mining, we consider the following two basic change operations: Insert(X(name,
value), Y), which creates a new node X, with node name “name” and node value
“value”, as a child node of node Y in an XML tree structure and Delete(X),
which removes node X from an XML tree structure.

Now we introduce some metrics which are used to measure the degree of
change and the frequency of change for subtrees. Frequently changing subtree
patterns can then be identified based on these metrics.

Degree of Change. Let <t', #71> be two historical versions of a subtree ¢ in an
XML tree structure 7. Let |d(%, i, i+1)| be the number of basic change operations
which is required to change the structure of ¢ from the ith version to the (i+1)th
version. Let [t‘U t“+1| be the number of unique nodes of tree ¢ in ith version
and (i+1)th version. Then the degree of change for subtree ¢ from version i to
version (i+1) is:
. |d(t,d,i+ 1)
DoC(t, i, i+1) = 7 U]
a
If the two versions are the same, DoC' of the subtree will be zero; if the two
versions are completely different, DoC' of the subtree will be one. Obviously, the
greater the value of DoC, the more dramatically the subtree has changed.

Frequency of Change. Let <T',T2%,...T"> be a sequence of historical versions
of an XML tree structure T. Let <A;,A5,...4,_1> be the sequence of deltas
generated by comparing each pair of successive versions, where A; (1<i<n-1)
consists of subtrees changed in two versions. Let S be a set of subtrees, S={#,
ta,... tm}, DoC(t;, i, i+1) be the degree of change for subtree t; from ith version
to (i+1)th version. The FoC of the set S is:

n—1
FoC(S) = 722‘:1 Vi

n—1
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where V; = H Vi, and Vj, =

j=1

1,ifDoC(tj,z',z'+1) #0 )
{O,ifDoC(tj,i,iJrU_o1§J§m a

When subtrees in a set change together in every delta, FoC of the set will be
one; when subtrees in a set never change together, FoC of the set will be zero.

Weight. Let <T',T%,...T"> be a sequence of historical versions of an XML
tree structure. Let <Aj,A,,...A,_1> be the sequence of deltas. Let S be a
set of subtrees, S={t1,ta,...tm }, FoC(S) be the frequency of change for the set
S. Suppose a user-defined minimum DoC' for each subtree is «, we define the
Weight of the set of subtrees as follows:

' B Z?:_ll D;
Weight(S) = (n — 1) * FOC(S)

1,if DoC(t;,i,i+1) >
0, otherwise

whereDi—HDjiandDji—{ algjgm O

j=1

If all subtrees in a set change significantly every time they change together, the
Weight of the set will be one; if subtrees in a set never change significantly when
they change together, the Weight of the set will be zero.

Frequently Changing Subtree Pattern (FCSP). An FCSP is defined to be a set
of subtrees which not only frequently change together but also usually change
significantly when they change together.

Definition 1. A set of subtrees S={t1, t2, ..., tm} is a Frequently Changing
Subtree Pattern if it satisfies the following two conditions:

— FoC of the set is no less than some user-defined minimum FoC (3, FoC(S)
> [

— Weight of the set is no less than some user-defined minimum Weight -y,
Weight(S) > ~. O

Maximal Frequently Changing Subtree Pattern. In classical frequent pattern min-
ing, all subsets of a frequent pattern are frequent as well. Maximal patterns are
defined to be those which do not have any frequent superset [10]. Then the com-
plete set of frequent patterns can be represented by the concise set of maximal
frequent patterns. However, in the context of FCSP mining, mazimal FCSPs
cannot be defined in the same way because of the “Non Downward Closure”
property. That is, a subset of an FCSP is not necessary an FCSP as well. Then,
even if we find a set of FCSPs, in which each pattern does not have any frequent
supersets, we cannot use it to represent the complete set of FCSPs. Hence, we
examine first which FCSPs can be inferred from others.

Definition 2. Given two subtree sets S and S1, where S = S U {t1, ta, ...,tn }.
IfVi (1<i<n), 3 t; € Sy s.t. t;< t;, we say S1 is subsumed by S, or S subsumes
S1, denoted as S; < S. a
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Property 1. Given two subtree sets S and S7 s.t. S; < S. If subtree set S is an
FCSP, then S; is an FCSP as well.

The proof is given [3]. Based on Property 1, we can infer that all subsumed
subsets of an FCSP are FCSPs as well. Then we define mazimal FCSP as follows.

Definition 3. A set of subtrees is a mazimal FCSP if it is an FCSP and it does
not subsumed by any other FCSPs. a

Obviously, the set of maximal FCSP is a tightened set of FCSP, {maximal
FCSP} C {FCSP}. Moreover, the complete set of { FCSP} can be inferred from
{mazimal FCSP}.

Problem Definition. The problem of mazximal FCSP discovery can be formally
stated as follows: Let <T4,T5,... T,> be a sequence of historical versions of
an XML tree structure. Let <Aj, As, ...,A,_1> be the sequence of deltas. A
Structural Delta DataBase SDDB can be formed from the set of deltas,
where each tuple <DID, SID, DoC> comprises of a delta identifer, a subtree
identifier and a degree of change for the subtree. Let S={t1,t2,...t, } be the set
of changed subtrees such that each A C S. Given an SDDB, an FoC threshold
B and a Weight threshold ~, a subtree set X C S is a Frequently Changing
Subtree Pattern if FoC(X) > 8 and Weight(X) > ~. A subtree set Y C S is
a maximal Frequently Changing Subtree Pattern if it is an FCSP and
it does not subsumed by any other FCSP. The problem of maximal FCSP
discovery is to find the set of all maximal frequently changing subtree patterns.

3 Algorithms

In this section, we present the algorithm to find the set of mazimal FCSPs ef-
ficiently. Before the mining process, the SDDB should be generated first from
the input of a sequence of historical XML versions. Since existing change de-
tection systems [13][5] can detect all change operations resulting in structural
changes (insert and delete), the SDDB can be constructed in a straightforward
way. Hence, the following discussion is focused on the mining procedure, with
the input of an SDDB.

3.1 Frequent Changing Subtree Pattern Discovery

We developed an algorithm in [4] to discover the set of FCSPs: Weighted-
FPgrowth, which is based on the well known FP-growth[7] for classical frequent
pattern mining. Basically, we construct a similar data structure as FPtree, where
each node in the FPtree-like structure represents a changed subtree and different
labels are used to indicate whether a subtree changes significantly or not in each
delta. Interested readers can refer to [4] for the details.
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Fig. 1. Ancestor Relationship and Modified Weighted-FPtree

3.2 Maximal Frequently Changing Subtree Pattern Discovery

The search for the set of maximal FCSPs can be achieved by a few optimization
strategies as explained below, based on Weighted-FPgrowth. In order to mine
the set of mazimal FCSPs efficiently, it is advisable to examine a pattern only if
none of its superset which subsumes it is frequent. Thus, a pattern S should be
generated before any pattern S; such that S;< S. According to the Definition 2
on subsumption relationship, we have the following optimizing technique.

Optimization 1 FCSPs containing subtrees rooted at nodes of higher-levels in
an XML tree should be generated earlier than those containing subtrees rooted at
nodes of lower-levels.

Optimization 1 guides how to order the list of subtrees in the head table of
Weighted-FPtree. We decide to arrange individual changed subtrees in the re-
verse order of depth-first first traversal in consideration of the following property.

Property 2. Given two subtree sets, S; and S, such that S; < S, the projected
delta sets of S is same as the projected delta sets of Si.

The proof of the property is given in [3]. According to Property 2, we are pre-
sented with the opportunity to mine both S and S; from a same conditional
Weighted-FPtree. For example, given the ancestor relationship shown in Fig-
ure 1 (a), we arrange individual subtrees in reverse order of depth-first traversal,
such as {ts, t4, 3, t2, t1}, then the conditional Weighted-FPtree constructed for
subtree t; can be used to mine not only all patterns related to #; but also all
patterns related to t; (or t3) but

As explained in [4], labels of some nodes in conditional Weighted-FPtree need
to be shifted to record correct information. In this case, a conditional Weighted-
FPtree may not be sharable. Hence, we propose an alternative technique of
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shifting node labels. We append a tag to each path in the conditional Weighted-
FPtree, which indicates the states of subtrees whose patterns are currently being
mined. For example, given a transformed structural delta database shown in Fig-
ure 1 (b), where ¢; and ¢;” mean subtree ¢; change significantly or insignificantly
in this delta, a Weighted-FPtree can be constructed as in Figure 1 (c). Figure 1
(d) shows the conditional Weighted-FPtree for subtree ¢;. Each path is appended
with a tag: “1” indicates that ¢; changed significantly in this path while “-1”
indicates it changed insignificantly in this path.

Moreover, with the above scheme on ordering subtrees and the technique
making conditional Weighted-FPtree shareable, we can quickly decide whether or
not to examine a pattern, depending on the state of the pattern which subsumes
it. For example, from the conditional Weighted-FPtree shown in Figure 1 (d),
we mine pattern {#, f2} first. Only if {#, f2} is not an FCSP, we go on mining
{t2} from the same data structure. Otherwise, {t2} must be an FCSP but not
maximal. As shown in Figure 1 (d), there are two counts maintained by & to
record the Weight information for {#;, t2} and {&} respectively. Actually, all
patterns related to subtree ¢, can be decided in the same way. Thus, we do not
need to mine patterns related to ¢y from the original Weighted-F Ptree and have
the following optimization.

Optimization 2 From the head table of (conditional) Weighted-FPtree, only
the last subtree and subtrees which are not descendant of the subtree whose pat-
terns are just examined in the previous turn need to be mined.

When the Weighted-FPtree contains a single path, we have the following opti-
mization strategy.

Optimization 3 If the (conditional) Weighted-FPtree contains single path,
mazimal FCSPs can be generated directly from subtrees in the head table which
are 1) with their node identifier as t; and 2) either last subtree or not descendant
of the subtree mined in the previous turn.

4 Experiment Results

In this section, we study the performance of the proposed algorithms. The algo-
rithms are implemented in Java. Experiments are performed on a Pentium IV
2.8GHz PC with 512 MB memory. The operating system is Windows 2000 pro-
fessional. We implemented a synthetic structural delta generator by extending
the one used in [1]. The default number of deltas is 10000 and the number of
changed subtrees is 1000.

We carried out four experiments to show the conciseness of mazimal FCSPs,
the efficiency and scalability of designed algorithm compared with a naive algo-
rithm which discover the complete set of FCSPs first and then filter non-maximal
ones.

— Conciseness of maximal FCSPs: Firstly, we contrast the size of the set of
maximal FCSPs with the size of the complete set of FCSPs by varying the
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Fig. 2. Experiment Results

average depth and fanout of the ancestor relationships. As shown in Figure 2
(a), the gap between the two sizes is greater when average depth and fanout
of ancestor relationships are greater, since more FCSPs might be subsumed
by their supersets.

— Efficiency Study: We compare the execution time of the developed algorithm
against the naive algorithm by varying the threshold of min_FoC' from 2% to
10%. As shown in Figure 2 (b), when the threshold is lower, our algorithm is
more efficient than the naive one because the naive algorithm need to verify
more patterns, on the contrary, designed algorithm has the chance to skip
checking more patterns.

— Scalability Study I: We test the scale-up features of the two algorithms
against the number of deltas, which is varied from 8K to 80K. Figure 2
(c) shows that, when the number of deltas is larger, the gap between the two
algorithms is greater, since the more subtrees potentially be FCSPs.

— Scalability Study II: We also observed the scalability of the two algorithms
with respect to the number of discovered mazimal FCSPs. As presented in
Figure 2 (d), for mining the same number of mazimal FCSPs, the designed
algorithm is faster than the naive one. Furthermore, when the size of the set
of mazimal FCSPs increases, the designed algorithm scales even better.

5 Conclusions and Future Work

This paper proposed a novel problem of mining maximal frequent patterns based
on changes to XML structures: mazimal FCSP mining. An algorithm, optimized
Weighted-FPgrowth, is designed and implemented. Preliminary experiment re-
sults demonstrated that the conciseness of the set of maximal FCSPs. Moreover,
the designed algorithm is significantly more efficient than the naive algorithm.
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As ongoing work, we would like to collect real life dataset to verify the se-
mantic meaning of discovered mazimal FCSPs. In addition, we would also like to
investigate issues about mining frequent patterns from content deltas and hybrid
(content and structural) deltas of historical XML documents.
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Abstract. Existing works on XML data mining deal with snapshot
XML data only, while XML data is dynamic in real applications. In
this paper, we discover knowledge from XML data by taking account
its dynamic nature. We present a novel approach to extract pattern-
based dynamic structures from versions of unordered XML documents.
With the proposed dynamic metrics, the pattern-based dynamic struc-
tures are expected to summarize and predict interesting change trends of
certain structures based on their past behaviors. Two types of pattern-
based dynamic structures, increasing dynamic structure and decreasing
dynamic structure are considered. With our proposed data model, SMH-
Tree, an algorithm for mining such pattern-based dynamic structures
with only two scans of the XML sequence is presented. Experimental
results show that the proposed algorithm can extract the pattern-based
dynamic structures efficiently with good scalability.

1 Introduction

Recently, with the increasing amount of XML data available, knowledge engi-
neering from XML data becomes an issue of great importance [1,5,9,10]. Ex-
isting work on mining XML data includes frequent substructure mining [4, 5, 8,
9], classification [10] and association rule mining [2]. Among these, the frequent
substructure mining is the most well researched topic. The basic idea is to ex-
tract substructures (subtrees or subgraphs), which occur frequently among a set
of XML documents or within an individual XML document.

However, most of the existing frequent substructure mining techniques fo-
cus only on snapshot XML data, while, in real life, XML data is dynamic.
For example, Figure 1 (a) is an XML document that records the products,
clients, and agents in an e-commerce web site. Figure 1 (b) is the correspond-
ing tree representation of this XML document, where each node denotes for an
element /attribute; each edge represents the parent and child relationship. For
brevity, we use P;,C;, M;, and T; to represent the Product, Consultant, Model,
and Training elements whose attribute id is ¢. Figures 1 (¢) and (d) are the tree
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© Springer-Verlag Berlin Heidelberg 2004
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<2xmi version="1.0" encoding="1S0-8859-1'?>
<ABC.com> <Senvices> ABC.com
<About ABC> <Consultant>

<Corporation information> <Consultant id=001>

This is ABC.com consultant 1

</Corporation information> </Consultant>
<Investor relations>
Singapore Investment Ltd </Cousultant>
</Investor relations> <Trainings> P1
<Organization> <Training id=001>

<A About Product 1
A department <[Training>
<A <Training id=002>
About Product 2 T001 TO02 TO03 TOO4
</Organization> </Training>
</About ABC> <Mraining>
<Products> </Services> Agenti Agent2 Agent1 Agent2 Agent3 Agent1 Agent2
<Product id=1> ABC
this is Product 1 com> (c) Tree representation (version 2) of the XML document
</Product> (2) XML document part 2
<Product id=2>
<Model id=001> ABC.com
<Agent> ABC.com

Agentt
</Agent>
<Agent>

Agent 2

Products Services

Services

</Agent>
<Model> ’
<Model id=002> /7

<Agent>
o / Comoration  Investor

1
Agert Information Relations
N

</Agent>

O
coot Coozo O

<Model> ~a T002 T003 T0O4 TO0S
s1 =4_8 Too1 T002 T003
</Product> -
Agent1 Agent2 AGent3 Agent 1 Agent2 Agent 3 Agentd Agent 1
</Products> Agent1 Agent2 Agenti Agent2
(a) XML document part 1 (b) Tree representation of the XML document

(d) Tree representation (version 3) of the XML document

Fig. 1. An Example

representations of the second and third version of the document. We use the
black circles to represent nodes that are newly inserted; gray circles are used to
represent nodes that are deleted; bolded circles represent nodes that have been
updated. The dynamic nature of XML leads to two challenging problems. First,
is the maintenance of frequent substructures for existing mining algorithms. Sec-
ond, is the discovery of novel knowledge hidden behind the historical changes to
XML data, some of which are difficult or impossible to discover from snapshot
data. In this paper, we focus on the second issue. Consider the previous exam-
ple, following types of knowledge can be discovered. Notice that, the list is by
no means exhaustive.

— Frequently changing or frozen structures/contents: Some parts of the XML
may change more frequently and significantly (such as the structure rooted
at node products); while other structures or contents may not changed at all
(such as structure s; in Figure 1 (b)).

— Association rules: Some structures/contents are associated in terms of their
changes. For instance, whenever the substructure rooted at node P> changes,
the substructure rooted at node Training also changes.

— Change patterns: More and more nodes are inserted under substructure Con-
sultant, while nodes are inserted and deleted frequently under substructure
Training in the above example.

Such novel knowledge can be useful in different applications such as XML
change detection, dynamic XML indexing, and semantic meaning extraction [11].
The issue of discovering the first two types of knowledge (frequently changing
structures and association rules) has been addressed in [12] and [3]. In this paper,
we focus on discovering the pattern-based dynamic structures from versions of
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unordered XML documents. We focus on unordered XML because that the un-
ordered model is more suitable for most database applications [7]. The change
patterns can be critical for monitoring and predicting trends in e-commerce.
Consider the above example in Figure 1, it can be observed that more and more
agent nodes are inserted/deleted under product model Myos/Mooz2, while other
structures do not have such change patterns. This change patterns may indicate
that product model Myp4 is becoming more popular or the company is pay-
ing more efforts to this product model. We call such structures as pattern-based
dynamic structures. Better promotion, marketing, and R&D strategies can be
made based on such structures.

Our contributions can be summarized as follows: (1) We proposed the issue of
mining pattern-based dynamic structures from the changes to XML documents
in Section 3; (2) In Section 4, an algorithm is presented for discovering pattern-
based dynamic structures; (3) Experiments have been conducted to evaluate the
performance of the algorithm in Section 5. In the next section we discuss related
work.

2 Related Work

In this section, we review some of the structured data mining techniques.

Since XML data is semi-structured and widely used, data mining of semi-
structured data has attracted many research efforts recently [4, 5,8, 9]. Most ex-
isting work focus on discovering the frequent substructures from a collection of
semi-structured data such as XML documents. AGM [4] is an Apriori-based algo-
rithm for mining frequent substructures. However, results of AGM are restricted
to only the induced substructures. FSG [5] is also an Apriori-based algorithm for
mining all connected frequent subgraphs. Experiments results in [5] show that
FSG is considerably faster than AGM. However, both AGM and FSG do not
scale to very large database. gSpan [8] is an algorithm for extracting frequent
subgraphs without candidate generation. It employs the depth-first search strat-
egy over the graph database. Like AGM, gSpan needs elaborate computations
to deal with structures with non-canonical forms. More recently, TreeMiner [9]
is proposed to discover the frequent embedded substructure, which is a general-
ization of induced substructure. However, the TreeMiner does not scale to very
large XML documents either.

Different from the above techniques, which focus on designing ad-hoc al-
gorithms to extract structures that occur frequently in the snapshot data col-
lections, pattern-based dynamic structure mining is to extract structures that
change frequently according to certain patterns in their change histories.

3 Definitions and Problem Statement

In this section, we first present the definitions of dynamic metrics. Next, we give
the problem statement of pattern-based dynamic structure mining from versions
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of XML documents. Preliminary concepts are not included due to the limitation
of space.

We model the structures of XML documents as unordered, labeled, rooted
trees, which is denoted as S = (N, E,r), where N is the set of labeled nodes, E
is the set of edges, r € N is the root. We do not distinguish between elements
and attributes, both of them are mapped to the set of labeled nodes. Each edge,
e = (z,y) is an ordered pair of nodes, where z is the parent of y. The size of the
structure S, denoted by |S], is the number of nodes in N.

From the example in Figure 1, we observed that different substructures of
the XML document might change in different ways. To evaluate their behaviors,
we propose a set of dynamic metrics. The first metric is called SMF (Structure
Mutation Factor). It measures how significantly a structure has changed from
one version to another. The second metric is called VMF (Version Mutation
Factor). It measures how frequently a substructure has changed.

Definition 1 (SMF). Let (S;, Sit+1) be tree representations of two XML doc-
uments. Suppose s = S;. The SMF of s from document X; to document X;11,

denoted by SMF;(s), is defined as: SMF;(s) |25,

T siWsiqal”

Here SM F;(s) is the structure mutation factor of s from version i to i + 1.
SMF;(s) is the percentage of nodes that have changed from X; to X;41 in s
against the number of nodes in its consolidation structure. For example, consider
the two structures shown in Figures 1 (b) and 1 (c¢), the SMF value for the
substructure rooted at node P from version 1 to version 2 is 0.58 (7/12). It can
be observed that SMF;(s) € [0,1].

Definition 2 (VMF). Let (S1,S2, -+, Sn) be tree representations of n XML

documents. Suppose s = S;. The VMF of s is defined as: VMF(s) = %,
where v; is 1 if |Ag,| # 0; otherwise v; is 0.

Consider the 2 different versions of the XML document in Figure 1. We
calculate the VMF value for the substructure rooted at node P». The n value
here is 3. For the first delta, [Ap, | and [Ap,, | are not 0, so v; and vz are both

1. Then, 23:1 v; = 2. Consequently, the VMF of this substructure is 1 (2/2).
Also, it can be observed that VM F(s) € [0,1].

Given a sequence of historical versions of an XML document, the problem of
pattern-based dynamic structure mining is to extract structures that are inter-
esting with respect to their historical change behaviors. In this paper, we focus on
two types of pattern-based dynamic structures increasing dynamic structure and
decreasing dynamic structure. Based on the dynamic metrics, they are defined
as follows.

Definition 3. [IDS] Let (S1,S2,--+,Sn) be tree representations for n versions
of XML documents. Let the thresholds for VMF, strength, and tolerance be o, 3

and v respectively. A structure s < S; is an increasing dynamic structure
(IDS) in this sequence iff: VMF(s) > o, ¥V SMF;(s) # 0, SMF;(s)-SMF;(s)
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< SMF;(s)*, SMF; is the last nonzero SMF value where i > j > 1, and

strength(s) > B, where strength(s) is defined as: strength(s) = %,

where v; = 1, if SMF;(s) # 0 and SMF;(s) > SMF);(s), otherwise v; = 0.

The IDS is defined based on the predefined thresholds for VMF, strength,
and tolerance. Here the strength is used to reflect how the overall changes of the
SMF values from one version to another comply with the increasing pattern. It
is the number of changes that follow the increasing change pattern against the
total number of times a structure has changed. The value of strength is between
0 and 1. It is obvious that a larger value of strength implies that this structure
complies better with the increasing pattern. Since it is possible that some of
the changes may not comply with the increasing pattern, tolerance is defined to
restrict other change patterns. Here tolerance is used to confine that maximal
significance of decreasing patterns in the history. That is none of the changes in
the history of an IDS structure can decreasing beyond the tolerance. The value
of tolerance is also between 0 and 1. A larger value of tolerance implies a more
relax constraint of the decreasing pattern. According to the above definition, to
be an IDS, the structure should not only change frequently (V (s) > «) but also
certain fraction of the changes should comply with the increasing pattern defined
by strength (strength(s) > (). And there should be no changes that decreases
beyond the tolerance (V SMF;(s) # 0, SMF;(s)-SMF};(s) < SMF;(s)*y) as
well. Similarly, the decreasing dynamic structure is defined as follows.

Definition 4. [DDS] Let (S1,Sa,- -+, Sn) be tree representations for n versions
of XML documents. Let the thresholds for VMF, strength, and tolerance be «,
B and v respectively. A structure s < S; is a decreasing dynamic structure
(DDS) in this sequence iff: VMF(s) > «a, ¥ SMF;(s) # 0, SMF;(s)-SMF;(s)
< SMF;(s)*, SMF; is the last nonzero SMF value where i > j > 1, and

V4

strength(s) > B, where strength(s) is defined as: strength(s) = =D ATF)

where v;=1, if SMF; (s) # 0 and SMF;(s) < SMF;j(s), otherwise v;=0.

Given a sequence of historical XML document versions and the user-defined
thresholds for VMF, strength, and tolerance, the problem of discovering all the
valid IDS and DDS structures is called the pattern-based dynamic structure min-
ing problem.

4 Pattern-Based Dynamic Structure Mining

In this section, we present the pattern-based dynamic structure mining algo-
rithm. First, we elaborate on the data model we proposed for storing and rep-
resenting historical changes for versions of XML documents. Next, we propose
the algorithm for extracting the types of pattern-based dynamic structures.

4.1 Data Model

The structure of an XML document can be represented and stored as a tree such
as the DOM tree proposed by W3C. However, in our pattern-based dynamic
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structure mining problem, given a sequence of history XML documents, it is
not efficient to store them in a sequence of DOM trees. To make the pattern-
based dynamic structure mining process efficient, a flexible data model is desired.
We propose a SMH-Tree (Structure History Tree) model to store the history of
structural changes. The SMH-Tree is an extension of the DOM model with some
historical properties so that it can compress the history of changes to XML into
a single SMH-Tree. Formally, we define an SMH-Tree as follows:

Definition 5 (SMH-Tree). An SMH-Tree is a 4-tuple H = (N, A, v, r), where
N is a set of object identifiers; A is a set of labelled, directed arcs (p,l,c) where
p,c € N andl is a string; v is a function that maps each node n € N to a set of
values (Cp, Cy), Cy, is an integer and C,, is a binary string; v is a distinguished
node in N called the root of the tree.

We now elaborate on the parameters C,, and C,. The two parameters are
introduced to record the historical changes for each substructure. C), is an integer
that records the number of versions that a substructure has changed significantly
enough (the structure dynamic is no less the corresponding threshold). C, is
a binary string that represents the historical changes of a substructure. The
length of the string is equal to the number of deltas in the XML sequence. The
ith digit of the string denotes the change status of the structure from X; to
Xi4+1, where the value of 1 means this structure changed, the value of 0 means
it did not change. In this model, the types of changes are not specified in C,
since we focus on the frequency and significance of the changes. In the SMH-
Tree, the C, value for each structure is finally updated by using the formula:
Cy(s) = Cy(s1)VCy(s2) V-V Cy(sj), where s1,s2,- -+, s, are the substructures
of s.

4.2 Pattern-Based Dynamic Structure Mining Algorithm

Based on the above data model, we design an algorithm to extract the increasing
dynamic structure and the decreasing dynamic structure respectively. In the
mining process, there are three major phases: the mapping phase, the extraction
phase, and the visualization phase. In this section, we focus on the first two
phases of the algorithms since the last phase is straightforward, in which the
IDS and DDS structures are represented in the tree representation of the XML
document.

SMH-Tree Construction Phase: Algorithm 1 describes the process of SMH-
Tree construction. Given a sequence of XML documents, the SMH-Tree is initial-
ized as the structure of the first version. After that, the algorithm iterates over
all the other versions by extracting the structural changes and mapping them
into the SMH-Tree. The SX-Diff function is a modification of the X-Diff [7] algo-
rithm that generates only the structural change from two different versions of a
document. The structural changes are mapped into the SMH-Tree according to
mapping rules described in Algorithm 2. The SX-Diff function and the mapping
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Input: Input:
(X1, X2, -+, Xp): XML documents sequence H: SMH-Tree
S(D): The corresponding DTD A: Structural delta
Output: Output:
H: SMH-Tree H: The updated SMH-Tree
1: H « (S(X1) N S(D2)) 1: for all n; € A do
2: for (k= 2;k < n;k+ +) do 2 for n; # null do
3: AN = SX—DiH(Xk7 Xk—l) 3 update C,U(ni)
4: H = Mapping(H, A) //Algorithm 2 4: n; = n;.parent(H)
5: end for 5 end for
6: Finalize(H) 6: end for
7: Return(H) 7: Return(H)
(a) Algorithm 1 (b) Algorithm 2
Input:

S: The SMH-Tree
t: The number of historical XML versions
a, B,~: Thresholds for VMF, strength, and tolerance
Output:
L: The list of nodes where all IDS/DDS rooted
for all ny=Top-downTraversal(S)# null do
if VMF(ny) > o then
for allt >i>1do
If Any changes beyond the tolerance v break
else If strength(ny) > 3 then L = L Unj, end if
end if
end for
else prune all descendants of ny
end if
10: end for
11: Return(L)

Algorithm 3

process iterate until no more XML document is left in the sequence. Finally, the
SMH-Tree is returned as the output of this phase.

Algorithm 2 describes the mapping function. Given the SMH-Tree and the
structural changes, this function is to map the structural changes into the SMH-
Tree and return the updated SMH-Tree. The idea is to update the corresponding
values of the nodes in the SMH-Tree.

Extraction Phase: In this phase, given the SMH-Tree and predefined thresh-
olds, all the valid pattern-based dynamic structures will be discovered. The ex-
traction phase is solely a traversal of the SMH-Tree. During the traversal, values
of the parameters in the definitions are calculated, compared with the predefined
values, and the valid pattern-based dynamic structures are returned. Rather
than traversal the entire SMH-Tree, the top-down traversal strategy is employed
to avoid some unnecessary traversal efforts. Based on Definitions 3 and 4, a
pattern-based dynamic structure must have a larger enough VMF value. If the
VMEF value is less than the predefined threshold, then no further calculation is
needed since that structure cannot be a valid pattern-based dynamic structure.
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Fig. 2. Experiment Results

Algorithm 3 shows the pattern-based dynamic structure extraction algo-
rithm. Since there are three constrains for the valid pattern-based dynamic
structures, we check against the three constraints step by step. In each step,
a list of candidate pattern-based dynamic structures will be pruned. We first
check the VMF value of the structures against the threshold as shown in Line
2. Based on this value, we can prune out some structures for further checking as
shown in Line 8. Next, the tolerance criteria is used to further avoid unnecessary
calculation for some structures shown in Line 4. Lastly, the value of strength is
calculated and compared against the predefined threshold and the pattern-based
dynamic structures are incorporated into the final list as shown in Lines 5.

5 Experimental Results

In this section, we evaluate the performance of the pattern-based dynamic struc-
ture mining algorithm to demonstrate its efficiency and scalability. The mining
algorithm is implemented in Java. All experiments are done on a Pentium IV 1.7
GHz PC with 256 MB RAM running windows 2000. We use synthetic datasets
generated from the DBLP and SIGMOD!.

Figure 2 (a) shows the efficiency of the algorithm using SIGMOD dataset.
The average size each version is 468Kb with the average number of nodes is 1120.
20 versions are generated. By varying the predefined thresholds of «, 3, and ~,
this figure shows how such parameters affect the efficiency of the algorithm. It

! http://www.cs.washington.edu/research /xmldatasets
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can be observed that as the values of o and (3 increases, the execution time
decreases, while the execution time increases when the value of -y increases. This
is because that the number of nodes in the SMH-Tree to be checked in the
extraction phase decreases as a and 3 increases, but as the value of v increases
the constraint becomes more relax and the number of nodes to be checked grows.

Figure 2 (b) shows the scalability of the algorithm using DBLP dataset. The
values of «, 3, and ~ are fixed to 0.20, 0.60, and 0.10 respectively. We increase
the total number of nodes in the XML sequence by two methods. One is to in-
crease the average number of nodes (NoN) in each version, another is to increase
the total number of version (NoV) in the sequence. We also observed that the
increasing of NoN makes the extraction process more expensive compared with
the increasing of NoV.

Figure 2 (c) shows the execution time of different phases in the mining pro-
cess. Three different SIGMOD datasets with the size from 40Mb to 120Mb are
used in this experiment. It can be observed that the cost for SX-Diff phase is
around 50% of the total cost. Also, as the size of the XML sequence increases,
the percentage of SX-Diff cost increases. This is because that XML parsing re-
curs as a major bottleneck to the overall success of XML related project [6].
Figure 2 (d) presents the compression ratio of our proposed SMH-Tree model.
Four different DBLP datasets are used. It shows that the size of the SMH-Tree
is only around 40% of the original size of the XML sequence.

6 Conclusion

In this paper, we proposed an approach to extract pattern-based dynamic struc-
tures from changes to XML documents. While knowledge extracted from snap-
shot data is important, it shown that knowledge hidden behind the historical
changes is also beneficial for e-commerce applications. Experiments have been
conducted to show the efficiency and scalability of our proposed pattern-based
dynamic structure mining algorithm.
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Abstract. In this paper, we present a fast algorithm to answer range-
sum queries in OLAP data cubes. Our algorithm supports constant-
time queries while maintaining sub-linear time update and using min-
imum space. Furthermore, we study the trade-off between query time
and update time. The complexity for query is 0(2“) and for updates
O((2° 2/n)?) on a data cube of n? elements, where £ is a trade-off pa-
rameter. Our algorithm improve over previous best known results.

1 Introduction

In a large multidimensional database, aggregate queries can potentially con-
sume enormous amount of time to process, if not properly supported by the
database. The responsiveness of both updates to the database and queries from
the database can be very poor. This is often very unsatisfactory, for example
in an interactive environment, where the user needs a fast response from the
database. To support the interactive analysis of large data sets, the On-Line
Analytic Processing (OLAP) model [1,2] has been used and received much at-
tention.

In OLAP, the data consists of records with d + 1 attributes. One attribute
is the measure attribute and the others are called dimensional attributes. Thus,
the database can be regarded as a d-dimensional cube. The data cube [3] is a
popular data model for OLAP that allows the implementation of several impor-
tant queries. Several query types have previously been studied, including range
max/min [4, 5] and range-sum [6-10, 1].

In this paper, we study the orthogonal range-sum query on the data cube. Ho
et al. [11] introduced the prefix sum technique for fast range-sum queries. The
update time, however, is O(n?) for data cubes of n? elements. Nevertheless, the
prefix sum techniques provides a base for further improvements [9,6-8, 10]. Poon
[12] has a very efficient structure with a query time of O((2L)?) and update time
of O((2Ln /1)) where L is a parameter. The structure uses O((2n)?) storage.
Geffner et al. [8] have a structure with with a query complexity of O(2%) and an
update complexity of O((nd/ 2)d). The space usage in this structure is also super
linear. Chun et al. [6] presents a structure which uses a standard prefix sum
and accumulates updates in an R-tree. Their structure has, according to their
simulations, good performance, but the space usage is super linear. All the above-
mentioned structures uses extra space in order to achieve high performance for
both lookups and queries.

Y. Kambayashi et al. (Eds.): DaWaK 2004, LNCS 3181, pp. 87-96, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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However, a structure saving space is the Space Efficient Relative Prefiz Sum
by Riedewald et al. [9]. It does not use any extra space, but has the same
performance as the Relative Prefix Sum. Another structure that does not use
extra space is the Space Efficient Dynamic Data Cube by Riedewald et al. [9].
It has logarithmic search complexity and logarithmic update complexity.

An interesting special case is when the data cube is considered to be sparse,
and thus, the space savings could be huge if the sparsity is taken into account.
This have been studied by Chun et al. [7]. They propose a technique called
pc-pool for sparse cubes. They demonstrate the performance of the pc-pool by
simulations.

Our results does not use any extra space, has constant query complexity
while maintaining a sub-linear time update. Furthermore, our results provides
superior query-update trade-off over previous known structures.

The rest of the paper is organized as follows. Section 2 introduces the prefix
sum cube and methods which are closely related to our structure. We present
our results together with their performance analysis in Section 3. The next sec-
tion will investigate the Space Efficient Dynamic Data Cube structure further.
First, we will analyse the complexity of the Space Efficient Dynamic Data Cube
which are omitted in the original paper.[9]. Then, a study of the query-update
complexity trade-off for the Space Efficient Dynamic Data Cube is also pursued.
Section 5 presents some further improvements to our structure and Section 6
concludes the paper.

2 Prefix Sum Methods

This section will introduce methods that are closely related to our structure. All
those structures are based on the prefix sum [11]. Our work is a generalization of
both the Space-Efficient Relative Prefix Sum [9] and the Space-Efficient Dynamic
Data Cube [9]. The Space-Efficient Relative Prefix Sum can be derived as a
special case of our method.

Consider the two extremes: the original array and the prefix sum array. A
query in the orthogonal array takes O(n) time, in the worst case. An update,
on the other hand, requires only O(1) time. For an array of prefix sums, it’s the
opposite. Different techniques combines the best of those two approaches.

In the Relative Prefix Sum (RPS) [8], the data set is represented by two ar-
rays; the Overlay array (1) and the Relative prefiz array (r). Each array is divided
in /n; blocks of \/n; elements each, along dimension 4, for i = 0,1,...,d — 1.

In Fig. 1, a simple one dimensional example of the RPS is shown, where
n = 16 and the block boundaries have been emphasized with thick lines.

In 7, the prefix sum relative to each block is stored.

In [, the first element of each block stores the sum of all elements (from the
data cube) of all previous blocks. In d dimensions, the situation is slightly more
complicated, but the idea is the same. Thus, there is no need to rebuild the whole
array on update. It is sufficient to rebuild the block of r and all the elements in
I, both of which have a size of O(y/n).
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Fig. 2. Simple 1-dim SRPS
Fig. 1. Simple 1-dim RPS

The Space-Efficient Relative Prefix Sum (SRPS) by Riedewald et al. [9] is
a structure very similar to the RPS, but the space usage is smaller. Consider
the one-dimensional RPS of Fig. 1 again. If the elements in the overlay array
contains the inclusive sum (instead of the exclusive), we need only store a shorter
local prefix sum in the RPS array. It is sufficient that the local prefix sum in
the RPS array starts at the 2:nd position in the block (if the overlay sums are
inclusive). The first position in the local prefix sum in the RPS array can then be
used to store the overlay array. This way, the structure does not use more space
than the original data cube (Fig. 2). Search and update is performed similar to
the RPS.

In the Space-Efficient Dynamic Data Cube [9], the technique of the SRPS
is applied recursively on each block and on the boundary cells of each block.
However, instead of splitting the array in /n; blocks, each dimension is split in
2 (or any other constant). In general, we get 2¢, boxes for a d-dimensional cube.
Now, call the region corresponding to the prefix sum of a block, the inner region
of each block. The inner region, in d dimensions, is all elements in a box, except
for the first element in each dimension.

The inner region is a prefix sum, but consider the data cube that would have
generated the prefix sum (the pairwise difference of the prefix sum). It is possible
to recursively apply the SDDC algorithm to that data. Instead of storing the
prefix sum in the inner region, we store the data from the recursive application
of the SDDC. The recursion continues O(logn) levels.

Now, consider the border cells of a box (cells that are not the inner region
— the first cell of each block, in the one-dimensional case). Observe that, in the
one-dimensional case, the border of each block has dimension 0 (it is a scalar). In
general, for d dimensions, the border cells contains (g) regions of k£ dimensions.
Each element (border cell) is the sum of all elements in the data cube with
smaller index. Each such sum span d — k dimensions. For each region of the
border of each box, the SDDC algorithm (of the dimensionality of the region) is
applied recursively. The elements are stored in the same place as we would have
done without recursion, thus, throwing away the old elements (from before the
recursion). Queries and updates are handled similar to the SRPS, but recursively.

This way, we get a structure (and a corresponding algorithm) requiring
O(logd n) array accesses for both update and query. See Section 4 for a per-
formance analysis, which is omitted in the original paper [9)].
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3 Our Result

Our structure for range sum queries combine the techniques from both the SRPS
and the SDDC. We use a recursive storage technique to obtain fast range sum
queries (constant time) and to achieve good trade-off between queries and up-
dates. In essence, instead of storing the elements from smaller subproblems that
appear in the structure directly, our algorithm is applied recursively and the re-
sult from the recursion is stored. This results in a query performance of O (2“)
while maintaining an update complexity of O ((2° 3/n)?), where i is a trade-
off parameter. This improves over previous known structures, in the asymptotic
sense.

3.1 Constant Query Time

The query time of O (2id) is constant with respect to n for any ¢ and d. Thus,
it is possible to achieve very good update performance while still maintaining
constant lookup time. We will first present the general idea and then continue
with a detailed presentation of the two dimensional case followed by the general
case.

The algorithm splits each dimension in y/n blocks (each with side-length v/n).
Consider Fig. 4. We make the important observation that it is not only possible

Original data cub Our structure c
Tigina aﬁfil;e /
| = || — )
: ,.ji ’
Bl I 3) <5 W
e | T <
i —
on— a ;ﬁi
\e ! — d
Fig. 4. Recursion in a 2 dimen-
Fig. 3. 2-dimensional example sions

to apply the algorithm recursively within each block, but that all border regions
of k£ dimensions together with the corresponding border regions from other cells
in d — k dimensions form a subproblem of size O(y/n) and dimensionality d. See
Fig. 4 for a 2-dim example of the recursion technique. Here, one row of 1-dim.
subproblems (a) form a new 2-dim. subproblem. In the same way, one column
of 1-dim. subproblems (b) form a new 2-dim. subproblem. Additionally, the first
element of all blocks (0-dim) form a new 2-dim. subproblem (c). Thus, we only
have to recurse over subproblems of the same dimensionality. In this way, we can
not only describe our fast algorithm simply, but perform the complexity analysis
of the algorithm neatly.

Consider the one-dim. example of Figure 2 again. At just one recursion level,
our structure would be the same as the SRPS. However, at two recursion levels,
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the structure would be formed in each of the inner regions as well (in order from
left: [3,3,5], [5,9,10], [3,3,5] and [3, 3, 5]). Unfortunately, it takes a much larger
example to actually form a two-level structure. Each border region (in order
from left: [1], [7], [27] and [32]) together form a subproblem. The structure is
recursively applied to them as well. This would yield the vector [1, 6,27, 5]. This
vector would then be stored instead of the border elements. The structure is
applied to the pairwise difference of the elements ([1, 6,20, 5]), not the elements
themselves. Unfortunately, the inner regions in this very small example becomes
only one element (the 6 and the 5).

Let d be the dimension of the data cube and n;,0 < i < d—1 be the size of the
data cube for dimension 7. Furthermore, let €(y, 4, ... »,_,) denote the elements of
the original data cube, where 0 < x; < n;—1. Similarly, let g, ,.....«,_,) denote
the elements of our data structure. Next, we will present the data structure in
detail. First, a two-dimensional structure is presented, where after the general
case is introduced.

Consider a single block by ) = Gkl ymo]+a.k: Varl+y), £ € [0, {\/n_o] — 1],
Yy € [0, {\/ﬂw — 1] for any ko and k; (such that the block is within the data
cube) of an ng by n; structure of two dimensions. Then by (marked “a” in
Fig. 3) will contain the sum of all elements of the original data cube that has
smaller index than both x and y (the elements to the lower left, marked “e”, in
Fig. 3). Next, consider the elements {b(, ) : € [1,[y/n] — 1]} (marked “b” in
Fig. 4). The element b(; o) will contain the sum of all elements from the original
data cube with smaller y-index than b(; ), but with the same x-index. This is
shown with “d” in Fig. 3. Observe that it is not the elements of the structure that
is summed, but the elements of the original data cube. In the same way, b3 )
contains the sum of the elements with smaller y-index, but with 2 = 2 plus b(; ¢).
This holds in general. The fact that b, 0y = b(z—1,0)+€(ko [Vio]+ak [yar]) makes
the elements a prefix sum. The elements {b( ) : @ € [1, [\/ng] — 1]} (marked
“c” in Fig. 3) stores elements in the same way, but with coordinates swapped.

We observe that each block in the two-dimensional case contains one prefix
sum of two dimensions (white in Fig. 4), two prefix sums of one dimension (light
grey in Fig. 4) and one prefix sum of zero dimension (a scalar, dark grey in Fig.
4). In general, for d dimensions, each block will contain (Z) prefix sums of k
dimensions. This can be realized from an algebraic point of view. The elements
for the prefix sums within a single block can be obtained by fixing selected
dimensions to 0 (relative to the block) and letting the other dimensions vary to
span the region of the prefix sum. If we choose to fix k of the dimensions, it can
be done in (Z) ways.

Consider an arbitrary block

b(ioailwwid—l) = g(ko [vAol+io.k1 [v/At]4i1,...k1 [ /Aa=t | +ia—1)

of our structure, where kg, k1, ..., kq_1 selects block. Then we have that

h() hl hd*l

b(i07i17---7id—1) = Z Z Z €(jo,g15--da—1)

Jo=lo j1=l1 Ja—1=la—1
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where ij =0& lj =0, hj = k’j {m—‘

and i; >0 l; =k; [n;| +1,hj = k; [\/n;] +1i; for j € [0,d — 1]

iff 3i € {ig,i1, ... id-1}t:i=0 .

The last condition restricts the validity of the formula to the borders of the block
(where at least one index is zero). For the rest of the block (the local prefix sum,
no indices are zero) we have that

apo+io  ai+ii ag—1+ig—1

b(i07i17---7id—1) = Z Z T Z €(josdrseda—1)

Jjo=ao+1 ji1=a1+1 Ji—1=ad—1+1

for iy € [1,[ym;| — 1],a; = k; [\/n;],j € [0,d—1] .

The above discussed structure is a one-level recursive structure (i = 1, see
analysis).

Now, we present the recursion for the general case. Consider Fig. 4. Within
each block (the inner region), the algorithm can be applied recursively. Consider
the prefix sum (white elements) of the inner region of a block. The algorithm
could be applied to the original data cube that corresponds to the prefix sum
(the pairwise difference). Consider element (0,0) of all blocks (the dark grey
elements). They also represent a prefix sum and GRPS can be applied recursively
to their pairwise difference. To see this, remember that each of those elements
contains the sum of all elements from e o) up to b, (in two dimensions).
Thus, element (0,0) from all blocks together forms a 2-dimensional prefix sum.
Similar reasoning can be applied to elements {b(; o) : @ € [1, /70 |]} and {b(q,y) :
y € [1, [\/n1]]} (light grey in Fig. 3). One row (or one column) of such elements
form a two dimensional prefix sum and the GRPS can be applied recursively to
those sums.

Instead of storing the elements of the structure directly, we store the elements
of the recursive application of the algorithm. This is possible since the structure
does not require extra space, and therefore, a recursive application does not
increase the space requirement. Observe that the size of each dimension of the
subproblems is O (\/n—z) In general, the subproblems consists of the elements
from the data cube that can be obtained by varying the index within blocks
for certain dimensions and varying the block for the other dimensions. As an
example, we show a single box for our structure in 3 dimensions in Fig. 5.

For an update, on a one-level structure, it is necessary to rebuild one block
and all of the affected border regions (regions that include the updated element
in their sum). However, for a multi-level recursive structure, it is only neces-
sary to update the smaller block in the recursive application and the smaller
border regions. A query can be processed fairly simple: The prefix sum (or the
range-sum) can be computed by following the recursive structure and adding
the appropriate elements.

With the above compact recursive structure, our algorithm achieve the con-
stant time range sum queries.

Theorem 1. The algorithm, described above, has a range-sum query complexity
of O(2'), where i is the recursion depth and d is the dimension of the data cube.
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Proof. Let T4(n,i) denote the query complexity. Clearly,

i) — Z?zo(?)Td(\/ﬁyi—l) Jifi>0
Ta(n,i) = . L

For ¢ > 0, we have

d

Ta(n,i) = (d>Td (Vn,i—1) = 29T (v/n,i —2) =24 .

k
k=0

At the same time, our algorithm requires sub-linear time for update operations
while maintaining constant range-sum queries.

Theorem 2. The algorithm, described above, has an update complexity of

024 ( 2\'i/ﬁ)d), where © is the recursion depth and d is the dimension of the
data cube.

Proof. Let Ug(n,4) denote the update time. Hence, from the description of the
algorithm we have, Uy(n, i) = 2U4(v/n,i—1),if i > 0, and Ug(n,i) = n?,if i = 0.
For i > 0, we have Uy(n,i) = Yo (HUa(Vn,i—1) = 29T (Vn,i—2) =

2id (3/m)".

3.2 Update-Query Time Trade-Off

Notice that the time complexity of range sum query and of update depends not
only on the data size n?, but also on the number of recursion levels, i, of the data
structure (parameter). By choosing the parameter i, we obtain different trade-
off between the running time of queries and updates. Hence, ¢ can be chosen to
tailor the performance of the structure to the needs of the user. If queries are
much more common than updates, probably a constant query time is desirable.
If i = O(1), then the query complexity is always constant (with respect to n),
but the update complexity is O( W) with respect to n.

If, on the other hand, the maximum recursion depth possible, is chosen, we
get a query complexity of O(logd n) with respect to n and an update complexity
of O(logd n) with respect to n, which is the same as the complexity of the SDDC
[9]. Therefore,

Corollary 1. If the trade-off parameter, i = O(loglogn), both the update and
range-sum complexity becomes O(log®n) (This matches the SDDC). If the trade-
off parameter i =1, for some constant l, the range-sum complexity is O(1) and

the update complexity is O( &Y nd) = o(n?).

3.3 Comparison to Previous Structures

Our structure has better asymptotic query-update trade-off compared to pre-
vious structures. To our best knowledge, the best previously known constant-
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query-time structure that does not require extra memory is the SRPS that has an
update complexity of O(v'n4). For constant query complexity, our structure has

O( W) update complexity. The SDDC, with our proposed trade-off has a query
complexity of O(n?), for constant query complexity. The SDDC was designed
with query and update complexities of O(logd n). This can be, asymptotically,
matched by our structure by choosing the trade-off parameter, i = loglogn.

Additionally, our structure will be easier to parallelize, because the data cube
is divided by O(y/n) instead of blocks of constant size.

4 Analysis of SDDC

In this section, we will present an analysis of the SDDC algorithm [9]. Fur-
thermore, we will introduce a trade-off parameter for the SDDC, which is not
introduced in the original SDDC. It is important to observe that the trade-off
parameter is the recursion depth in both our structure and the SDDC. Our
structure, however, requires a lower recursion depth to achieve the same perfor-
mance.

Theorem 3. The range-sum complexity of the SDDC is 2(i%), where i is the
recursion depth and d is the dimension of the data cube.

Proof. Let Ty4(n,i) denote the range-sum complexity of SDDC. Since the SDDC
algorithm reduce the problem size by a factor of k after each recursion step, we
have Ty(n, i) = Y1_o (4)T;(n/k,i—1),if i > 0 and d > 0 and Ty(n, i) = 1,if d =
0 or if i = 0. We prove that Ty(n,4) > i¢ by induction on d. For d = 1, we know
that Ty(n,i) =i+ 1> .

Assume that Vd' < d : Tyy(n,i) > i% . Hence, Ty(n, i) = Z?:o (?)Tj(n/k,i— 1) >
YT (D = 1) + Tu(n/ki— 1) = (i — 1+ 1) = (i = ) + Ta(n/k,i — 1)

i+ (i — i)+ Ty(n/kti —i) =% 4+ 1> ¢4

The update time of the SDDC algorithm is as follows.

Theorem 4. The update complexity of the SDDC is 2(n/k% + k%), where i
is the recursion depth and d is the dimension of the data cube.

Proof. Let Ty(n,i) denote the update complexity of SDDC. Since the SDDC
algorithm reduce the problem size by a factor of k after each recursion step, we
have Ty(n,i) = Z?:o (;l)T](n/k,z — Dk if i > 0and d > 0 and Ty(n,i) =
nd if i = 0. We prove that Ty(n,i) > (n/k%)?+(ki)? by induction on d. For d = 1,

we have Ty (n,i) = k + Ti(n/k,i —_1) =2k +Ti(n/k?i—2) = ik + . Assume
that Yd' < d : Tar(n,i) > (n/k*)? + (ki) Hence, Tu(n,i) = >5_o (1) T;(n/k,i—
ki = Z?;& (?)Tj(n/k7 i—1)k? +Ty(n/k,i—1). Consider the first term in
this equation. We have
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3 (j‘l)Tj( Sl — 1)k > jz:é @ ((kZ1)j TR Uj) b=

=0
_ kddf (d) ((ﬁ.)j (i — 1)3’)
per iV B
e (1+%)d— (kﬁl)d+kd(1+z’—1)d_kd(i_1)d:
(k+ %)d - (kﬁl)d + kit — k(i — 1) > k- k- 1)

By telescoping, we obtain Ty(n,i) > k4(i¢ — (i — 1)4) + Ty (&,i — i) = k%9 +

n\4a
(#)"
5 Further Improvements

The memory access of our structure (and other similar structures) are quite scat-
tered, which could lead to poor performance on cache systems or on secondary
storage.

We can overcome most of this problem by reorganizing the memory layout
of the algorithm. In our structure, we suggest storing all the border cells from
blocks associated with one recursion call in the same place. This is automatically
performed for the inner cells (since they already are clustered into the inner
cells). Instead of storing the border cells in their respective block, we suggest
storing the border cells first (at low index) and then storing all the inner cells in
blocks that are one element smaller than before (because of the missing border
cells). This should be performed for each recursion level. This way, the data
access becomes more concentrated to the same region. See Figure 6 for a two
dimensional example.

D
D
D

0-dim area, AT TARTTAN "l‘lJ‘l
= ) JiC:1mE L S imi S e
H LI’ L’l’_ |} HH
foam: S0 < haR ST
1T 2dimares i g Eman Emani)
VElement sums  1-dim ara O
- I 1 I
B iavsianates
Fig. 5. Single box of 3-dimensional struc-
ture Fig. 6. Efficient space localization

6 Conclusions

We have presented a space-efficient, range-sum data structure and algorithm for
use on data cubes. The query performance of the structure is O (2“) while the
update performance is O ((2’ 2{/H)d) This provide better query-update trade-
off than previously known structures. The trade-off can easily be tuned via the
trade-off parameter 3.
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We also presented a way to improve the space-localization of the structure,

so that access to the data cube becomes less scattered.

It would be interesting to investigate if it is possible to achieve a better

update-query trade-off. It would also be interesting to investigate the existence
of a structure with good space-time trade-off.
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Abstract. Approximate range aggregate queries are one of the most frequent
and useful kinds of queries for Decision Support Systems (DSS). Traditionally,
sampling-based techniques have been proposed to tackle this problem. How-
ever, its effectiveness will degrade when the underlying data distribution is
skewed. Another approach based on the outlier management can limit the effect
of data skew but fails to address other requirements of approximate range ag-
gregate queries, such as error guarantees and query processing efficiency. In
this paper, we present a technique that provide approximate answers to range
aggregate queries on OLAP data cubes efficiently with theoretical error guaran-
tees. Our basic idea is to build different data structures for outliers and the rest
of the data. Experimental results verified the effectiveness of our proposed
methods.

1 Introduction

Modern advanced information systems, such as B2B and B2C e-commerce systems,
transactional information systems and control systems, stored huge amount of highly
heterogeneous data. Consequently, the use of a Data Warehouse Server (DWS) for
collecting, integrating, and making business-critical information available in a “trans-
parent-for-users” way has become mandatory. The enormous size of the multi-
dimensional data presents a main challenge of the data analysis task: it is time-
consuming to process queries over large (often tera-bytes or even peta-bytes) multi-
dimensional data sets. Fortunately, the analysis required by decision support-oriented
tasks is often qualitative, as in the querying and reporting phases approximate an-
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swers are often sufficient. In other words, managers and analysts are more interested
in the “trend” analysis rather than in the “punctual” analysis.

Range aggregate queries are one of the most typical and important forms of que-
ries for DSS-based applications, as they are fundamental to many data analysis tasks.
Range aggregate queries [7] apply an aggregation SQL operator, e.g., SUM, over a
set of selected contiguous ranges in the domains of the dimensional attributes. Usu-
ally, such queries are resource-intensive as they have high computational overheads
in terms of temporal and spatial needs. Sampled data can be used effectively instead
of original data without significantly compromising the accuracy of analysis like
OLAP. Besides this, sampling-based techniques have gained popularity as they have
a very low computational cost. However, when data distributions are skewed, the
accuracy of the approximate answers based on sampling can degrade significantly, as
some outliers (i.e., values significantly distant from the mean value) might have been
sampled. Managing outliers separately from non-outlier data is an effective solution
to such limitation. However, previous work only focused on the choice of the outliers
and did not address the important issue as how to organize those outliers to support
efficient approximate query processing.

In this paper we address the issue of providing fast approximate answers to range
queries on OLAP data cubes. We improve the outlier-based approach by enriching it
with theoretically-based probabilistic guarantees. Our basic idea is to separate outliers
from the rest of the data and manage them using different data structures. Specifi-
cally, we propose a novel technique that aims to build the “workload-adaptive” tree-
like synopsis, called Tunable Partition-Tree (TP-Tree), that is used to organize sam-
ples from different partitions of the original non-outlier data. A quad-tree based index
is proposed to organize carefully chosen outliers to provide fast response time during
approximate query processing. We experimentally evaluated the proposed technique
with other well-known techniques based on multi-dimensional histograms, including
GenHist [5], EquiDepth [12], and MHist [13]. Our experimental results demonstrate
that the proposed technique outperforms those cited.

2 System Overview

Fig. 1 shows an overview of our solution to approximate range aggregate query proc-
essing. Given the input data from an OLAP server, we separate outliers from non-
outliers and manage them differently: for outliers that are identified by the Outlier
Detection module, they are organized into a quad-tree like index within a given space
limit; for non-outliers, uniform samples are extracted and preserved in a novel tree-
like synopsis: the TP-Tree. The organization of the TP-Tree is updated in a batch
mode by monitoring query-workload in a time window.

The approximated answer to a range aggregate query is calculated by summing up
the answers from probing the index of the outlier and the index of the non-outliers
(i.e., the TP-tree). A tighter theoretical guarantee can be obtained because errors due
to “problematic” outliers are no longer existent.
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Fig. 1. Technique overview

In the rest of the paper, we assume the MOLAP storage model, which is more effi-
cient for many OLAP operations than the ROLAP model. However, our techniques
can be easily generalized to the ROLAP context by preprocessing.

3 Outlier Detection, Indexing and Querying

Outlier detection and management strongly depend on: (i) storage space B available
for housing them and (ii) strategy for generating them. Traditionally, outlier detection
has been widely investigated in statistics [1,2] and data mining [9,10] and, more re-
cently, has been considered as an efficient method for improving the degree of accu-
racy of the answers in the context of approximate query processing.

We adopt a technique very similar to that proposed by Chaudhuri et al. in [3] that
it exploits the proper outlier definition. Compared with [3], our approach also starts
from the detecting outliers, but differs in that we also define a quad-tree-based index-
ing data structure that allows us to efficiently access the outlier set in the query time.
Indexing the outliers is an important issue as otherwise it could heavily degrade per-
formances of the Approximate Query Engine. The major benefit of managing outliers
separately is that the overall approximation error is mitigated as the error due to the
outliers is zero (assuming enough memory is given), and the quality of the answer
depends only on the sampling of the relatively uniform non-outliers. In detail, our
solution consists of the following steps:

1. Detection of the (whole) outlier set (2 inside the data cube - Determine all the
outliers of the data cube that deviates Y, by at least 6Y,, (Y,, is the absolute average
value of the data cells and 0 is a positive factor used for ranging the outlier number).
Compared to [1], this method is more efficient yet highly effective for most real data-
sets.

2. Extraction of a subset (2 from 2in dependence on the available memory size B

- Extract a subset 2, from the set £2 depending on the available memory size B: if
|.Q| < B then £y = £ otherwise, determine the subset £2, by minimizing the stan-
dard deviation of its complement set: ANy, This is the optimal outlier subset accord-
ing to [1].
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Efficient indexing of the outlier set is our main aim: the process of evaluating the
query over this set must not overwhelm the entire querying phase. In addition, it is
not unreasonable to assume that when the size of data cubes is enormous, which hap-
pens very often in the context of DSS-based applications, the size of the outlier set
will be proportionally large. This intuition is a valuable improvement over [3].

We propose a fast and efficient multi-resolution indexing scheme based on a multi-
dimensional quad-tree, as it is very suitable for indexing spatial data [4]. Given a d-
dimensional spatial data set D, a multidimensional quad-tree built on it, called QT(D),
is a tree-like index such that each node can have almost 2¢ children nodes (see Fig. 3).
The QT(D) building task is based on superimposing a multi-resolution grid on the d-
dimensional space. In such a way, each level [ of QT(D) represents a partition P() of
D in |P(l) | buckets, such that each bucket b of P(l) is recursively split into a number
r of other buckets, with r belonging to the set {0,..,2¢}. In our implementation, each
node w of the quad-tree contains the following information: the bounds of the multi-
dimensional region (i.e., the bounds of the corresponding bucket) it represents, the
sum of the outliers contained in this region, and the pointers to its children nodes if w
is not a leaf node. If w is a leaf node, we substitute these last pointers with the logical
addresses of the disk blocks containing the outliers indexed by w.

Given the outlier set £, constructed in the outlier detection phase, we can incre-

mentally build the multi-dimensional a corresponding quad-tree QT(£2,), by posing
the following bound over the depth value [, of QT(£2y):

D

where s is the size of a single outlier (expressed in bytes) and F is the overall amount
of bytes that can be stored in a single disk block. This heuristic implies that the out-
liers contained in the bucket represented by a leaf node are mostly likely to be con-
tained in a single disk block. Furthermore, in order to minimize the overall computa-
tional overheads due to the possible great fan-out of each node of QT(£2,), nodes

representing buckets without outliers are not store in QT(£2), so that both the space

and time complexity can be reduced to a minimum.

Fig. 2. The index QT(£2p) for a 2-D data cube
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We assume that the resulting Q7(€2,) can be maintained in main memory. This al-
lows a multi-resolution approach in the evaluation of a given query Q on ; this
approach can save a lot of disk I/Os by simply using the pre-calculated sum of out-
liers values associated with each index node. The algorithm evalQueryOnQTNode
evaluates a query Q on a node w of the quad-tree QT(€2;) and given a query Q on a
data cube A, the portion of answer due to the outliers of A is obtained by calling the
previous algorithm on the root node of QT(£2p).

Algorithm evalQueryOnQTNode (Q, w)
sum = 0;
if (w.b N Q0 # J) then
if (w.b < Q) then

sum sum + w.sum;
else
if (w.list () .size == 0) then
sum=sum + readOutliers (w.diskBlock) ;
else

for each node ¢ in w.list () do
sum = sum + evalQueryOnQTNode (Q, c) ;
return sum;

wherein: (i) w. b is the bucket b of the node w; (ii) the procedure 1ist, called on a
node w, returns the list of the child nodes of wj; (iii) the procedure readOutliers
takes the disk block indexed by a given node w w. diskBIock, and returns the sum
of the outliers contained in it.

4 TP-Tree: Managing Samples Adaptively

A fundamental issue that must be faced in the context of approximate multi-
dimensional range query processing by pre-computation is determining a partition of
multi-dimensional data cubes. In fact, finding a set of “typical” queries as the basis to
drive the synopses building task is the core issue of such techniques. This derives
from the assumption claiming that typical queries must be defined starting from some
“probable” partition, according to the particular data domain.

We propose a different solution: the tunable workload-aware partitioning, on the
basis of which, given a data cube A, its “current” partition ®, depends on the query-

workload against it. In such a way, in a certain temporal set starting at a given time 7
and having size M, with M>0, {tgt, ;,....tg,,,.;} We have a set of corresponding parti-
tions {®, D, ;,.... D, ,, ;1. such that @, is the partition at the time 7,. We denote the
temporal window between two consecutive times #, and f,, with h <k, as TW(z,,t,); it

is the period of the query-workload sensoring process (see Fig. 1), that is the period
during which input queries are collected and stored. Queries are used at the time 7, for

updating the TP-Tree. So, we have: ®, = TW(z,,.t,).
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4.1 Deriving the Theoretical Bound

The TP-Tree is the codification of the current partition @, and its configuration
evolves as @, evolves. In this sense, the TP-Tree is a “self-adjusting” data structure,
meaning that it is periodically updated by an ad-hoc trigger-like procedure re-
configuring its bucket set according to the query-workload against the target data
cube. The period of the updating procedure is defined by the width of the temporal
window TW(z,,t,) and the query-workload taken into account is formed by the set of
queries executed against the target data cube during the time interval [7,,,1,].

In order to provide probabilistic guarantees on the approximate, we exploit the
Hoeffding inequality [8]. In more detail, we apply the Hoeffding bound over each
bucket b of the current partition ®,, and this allows us to obtain a probabilistic bound
over the value of the aggregation operator AVG on b. From the value of the aggrega-
tion operator AVG, we easily derive the value of SUM one by multiplying the first by
the size of the sampled data set, thus answering any given range-sum query Q on b.
By iterating this procedure for each bucket b belonging to ®, that intersects Q, we
provide the approximate answer to Q, called A(Q), along with probabilistic guaran-
tees on it. We recall that the outlier set does not add any error to the approximate
query answering procedure (by setting an appropriate o value).

The Hoeffding inequality asserts the following. Let Z = {Z,Z,,...,.Z,, ;} be a set of

independent random variables and let C be a scalar such that 0 < Z, < C, such that k

belongs to the set {0,1,...,M-1}; furthermore, let Z = isz: Z, be the sample mean
M -

of the set Z and let L be the mean value of the set Z (note that L is the unknown value
that corresponds to the aggregation operator AVG). Then, for each £> 0 we have:

-2Mé*
P(z-y<e)z1-2¢ ¢ 2)

So, we can obtain a probabilistic bound for the event L = Z +¢, that is having the
mean value of Z (i.e., i), within *¢& the sample mean of Z (i.e., Z ). Note that Z can
be quickly computed from the set Z.

In order to usefully adopt such a property in our model, the independent random
variable set Z must be defined. We built it using random sampling over each bucket b
of the current partition @,: this ensures that each item of b has the same probability P,
=1/ | b| to be selected. We introduce the random variable set Z(k) defined on the
current partition @, as follows: for each bucket b belonging to ®, we define the ran-

dom variable Z(k,b) that returns a data cell of the bucket b by applying a uniform
sampling in [0,|dk|-1] over each dimension of A, with k belonging to the set

{0,1,...,N-1}. In more detail, each uniform sampling on [0, dk|—1] provides a sam-

pled coordinate s, and the set {s,,s;,...,sy ;} is obtained by iterating this single task
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for each dimension of A. So, the sampled data cell is A[s,s;,...,5y_;]. Furthermore,
letting S(k,b) be the sample number for a given bucket b in @,, the random variable
set Zy(k,b) on b is defined as follows:

7, (b)= {20 (k.b). Z! (kD). o 22, (kD)) 3

that is, Zy(k,b) is composed of all the random variables Z0(k,b) defined on b. Note that

the uniform sampling task ensures that the random variables belonging to the set
Z(k,b) are independent, as required by the Hoeffding inequality. Finally, the random

variable set Z(k) on ®, is composed of all the random variables Z(k,b) defined on the
buckets of @,.

4.2 The TP-Tree Data Organization

The major difference of our approach from [6] is that [6] proposed computing queries
in an online fashion, without storing any data structure, while ours stores samples in
an off-line fashion. Sampling offline does not affect performances at query time and
its storage requirement is modest. In order to manage samples in an query-friendly
manner, we propose an index structure called TP-Tree. Each node n of the TP-Tree
contains the following data: (i) the multi-dimensional region R that represents the
corresponding bucket b of the current partition ®,; (ii) the sampled data set S(b) built

on b and, for each sample s belonging to S(b), the set of coordinates of s in the origi-
nal representation; (iii) the “current” number of samples |S(b) ; (iv) the pointers to
the child nodes (if n is not a leaf node). Note that we need to store inside the nodes of
the TP-Tree the original coordinates of the sampled data; in fact, this information
allows us to execute a query Q on a node n of the TP-Tree since at query time we
need to know which samples of the node » intersect Q (this can be founded by com-
paring Q and n.R).

5 The Overall Query Model

The approximate answer to a query Q is calculated by summing up the query results
against the TP-Tree and against the set of outliers (£2,). We note that the query error

is solely due to the error in estimating the aggregate of the non-outliers from their
samples. In more detail, let Q be a multi-dimensional query involving the bucket set
{by,b},....br ;) (ie., by N Q # &); the approximate answer to Q, called Z(Q), is
obtained following these steps:

1. Aggregate outliers — Apply Q to the outliers accessed via the index QT(82y); this
step provides the (exact) portion of answer due to the outliers, called A,(Q).

2. Aggregate non-outliers — Apply Q to the sampled data involved in it; this step
provides the (approximate) portion of answer due to the sampled data, called Ay Q).



104  Alfredo Cuzzocrea, Wei Wang, and Ugo Matrangolo

3. Combine aggregates — Obtain the approximate answer to Q by combining the
portions of answer given by step 1 and step 2 as follows: Z(Q) =A,(0) +A(Q).
Note that the error in estimating Q, called €(Q), is only due to the error in estimat-
ing Q on sampled data; that is, £(Q) = €4(0Q). In Section 3, we provided the algorithm
evalQueryOnQTNode for computing A,(Q). Now, we can provide the algorithm
evalQueryOnTPNode for computing Ay(Q). This portion of answer is computed

by using the Hoeffding inequality (2), thus obtaining probabilistic bounds over the
degree of approximation of the answer. The algorithm evalQueryOnTPNode al-
lows us to evaluate a given query Q on a node n of the TP-Tree by using the follow-
ing relation that provides the (approximate) answer to Q on a bucket b of ®, involved
n 1t:

AQ, k,b) = |S(k,b)|(Zy (K, b)) 4)

Algorithm evalQueryOnTPNode (Q, nn)
sum = 0;
Set inter = null;
if (n.R N Q # &) then
if (n.R < Q) then
sum = sum + hoeff (n.{S});
else
if (n.list().size == 0) then
inter = Util.getInterSamples (n.R,Q) ;
sum=sum + hoeff (inter) ;
else
for each node ¢ in n.list() do
sum = sum + evalQueryOnTPNode (Q, c) ;
return sum;

wherein: (i) n. R is the region of the node n; (if) the procedure hoeff takes a sam-
pled data set I and returns the (approximate) answer to the range-sum query on / (see
relation (9)); (iii) the procedure get InterSamples, belonging to the utility pack-
age Util, takes two multi-dimensional region R; and R, and returns the points of R,
which have a not null intersection with R,; (iv) the procedure 1ist, called on a node
n, returns the list of the children nodes of n.

The whole (approximate) answer to a multi-dimensional range query Q is provided
by calling the evalQueryOnQTNode on the root node of the quad-tree QT(L2),

and the evalQueryOnTPNode on the root node of the TP-Tree respectively.

6 Experimental Results

In the interest of space, we present only a simplified experimental results against
synthetic data cubes, as this allows us to study the performance of our algorithms on
datasets with various controllable features (such as dimensionality, sparseness, size
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and distribution). To generate synthetic data cubes we randomly generate a set of
points in the multi-dimensional space defined by the target data cube and use these
points as the centres of cuboids and fill the cuboids according to a given data distribu-
tion. In the remainder of the paper, we denote each synthetic data cube by A =
<d,C,s>, where d is the number of dimensions, { is the data distribution used for fill-
ing the cuboids, and s is the sparseness coefficient of the data cube. Three data distri-
butions are used: Uniform (denoted by U(u, . ,u ), such that each data cell value is

min®”" max

1), Gaussian (denoted by G(p,6,m), such

that p is the number of peaks, G is the standard deviation of the peaks, and m is the
percentage number of data cells contained in each Gaussian bell with respect to the
overall number of non zero data cells of the data cube), and Zipf (denoted by
Z(z ), where the range [z is used for obtaining the parameter of the

distribution z as uniformly distributed in this range.). We built seven synthetic data
cubes, as listed in Table 1. We follow the same method to generate query-workload
as that given in the previous work [11], because it can capture the user behaviour as
well as its dynamics.

uniformly distributed in the range [u,,.u,, .

‘minCmax min’zmax]

Table 1. Synthetic data cubes Table 2. Query-workloads
Cabe_| ¢ S [ || oridesa | i | e | M%)
A 6 U(25,75) 0.001 OWL, 02 | 09 1
A 6 | G(100,25,0.01) | 0.001 OWL, 0.5 14 1
A, 6 7(0.2,1.2) 0.001 OWL, 08 | 1.7 1
Aj 10 Z(0.5,1.5) 0.0001 QWL; 0.5 1.5 v
Ay 10 U(15.85) 0.0001
As 10 | G(150,35,0.006) | 0.0001
Ag 10 Z(0.3,1.0) 0.0001

Such a method uses Zipf distributions (as it models real-life phenomena most
closely) and a selectivity function, denoted by V[v] (see Table 2). In the first experi-
ment (see Fig. 3 (a), (b), and (c)) we tested the performances of the TP-Tree; in the
second experiment (see Fig. 3 (d), (e), and (f)) we tested the scalability of the TP-
Tree, by varying the selectivity of the query-workload QWL,(v) = <0.5,1.5,V[v]>
(i.e., the value of v in the V[v] function) against the synthetic data cubes: A, A;, and
A, It can be observed that the new method outperforms previous approaches under

most of the experimental settings.
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Fig. 3. Performances for the query-workloads QWL,, (a), QWL, (b), and QWL, (c) and scalabil-
ity w.r.t. the spatial selectivity of QWL; for the data cubes A, (d), A5 (e), and A4 (f)

7 Conclusions

In this paper we have presented the TP-Tree, a tree-like “self-adjusting” synopses
data structures for approximate range query answering in OLAP environments. TP-
Tree is based on outlier management and provides theoretical-based probabilistic
guarantees over the degree of approximation of the answers. The main contributions
of our proposal are: (i) low spatial-temporal computational overhead for building and
maintaining the TP-Tree; (i) accuracy control, due to the theoretical framework pro-
vided by the Hoeffding inequality. Experimental results clearly confirm the effective-
ness of the TP-Tree against various classes of data cubes, outperforming other well-
known similar techniques.
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Abstract. Iceberg cubing is a valuable technique in data warehouses.
The efficiency of iceberg cube computation comes from efficient aggrega-
tion and effective pruning for constraints. In advanced applications, ice-
berg constraints are often non-monotone and complex, for example, “Av-
erage cost in the range [d1, d2] and standard deviation of cost less than
B”. The current cubing algorithms either are efficient in aggregation but
weak in pruning for such constraints, or can prune for non-monotone con-
straints but are inefficient in aggregation. The best algorithm of the for-
mer, Star-cubing, computes aggregations of cuboids simultaneously but
its pruning is specific to only monotone constraints such as “COUNT (x)
> §”. In the latter case, the Divide and Approximate pruning technique
can prune for non-monotone constraints but is limited to bottom-up
single-group aggregation. We propose a solution that exhibits both ef-
ficiency in aggregation and generality and effectiveness in pruning for
complex constraints. Our bounding techniques are as general as the Di-
vide and Approximate pruning techniques for complex constraints and
yet our multiway aggregation is as efficient as Star-cubing.

1 Introduction

Data Warehousing and OLAP technologies require summarised and subject-
oriented views to data for better and faster high level analysis and decision
making. To this purpose, data is modelled multi-dimensionally. In a multi-
dimensional model, dimensions such as Product and Customer-Group describe
the subjects of interest; the measure such as total sales is the target of analysis
in terms of dimensions.

A data cube generalises the SQL Group-By operator [6] to compute Group-
Bys of all combinations of dimensions. Each Group-By is a cuboid which com-
prises a set of groups grouped by the same dimensions. For example, (a1,b1, ¢1,d1)
is one of the groups in the cuboid ABCD. Note that upper case letters denote
dimensions and cuboids while subscripted lower-case letters denote dimension-
values and groups. The cuboid-lattice in Figure 1 for the cube on dimension A,
B, C, and D shows the parent and child relationship between cuboids. Since a
parent cuboid has more grouping-dimensions than a child cuboid, a group in the
parent cuboid is a sub-group of some group in the child cuboid. For example,
(a1b1c1) is a sub-group of (a1by).

Y. Kambayashi et al. (Eds.): DaWaK 2004, LNCS 3181, pp. 108-117, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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Fig. 1. A cuboid lattice

Given a dataset of k dimensions where each dimension has a cardinality
of p, potentially the cube has (p + 1)* groups. Given an aggregate function,
cubing is to compute all groups in the data cube for answering queries on ag-
gregations. SUM() COUNT() MIN() MAX(), and AVG() are common SQL aggre-
gate functions. Cubing algorithms [11,10, 3, 8] exploit the advantage of shared-
computation by computing each child-cuboid from a parent cuboid. This ag-
gregation strategy is refered to as top-down computation. The Multiway Array
Cube [10] is the most efficient among these algorithms.

Iceberg cubes [2] were proposed to compute only interesting groups that
meet users information need. Users specify iceberg constraints on the aggregate
values of groups and only satisfying groups are computed. Iceberg constraints
can be either monotone or non-monotone [2]. A monotone constraint possesses
the property that if a group fails the constraint, so do all its sub-groups'. The
monotone property is commonly used for pruning in iceberg cubing [2]. BUC [2]
and H-cubing [7] are current iceberg cubing algorithms which apply the divide-
and-conquer approach where groups are computed before their sub-groups. Such
an aggregation strategy is called bottom up with respect to the cuboid lattice.
Pruning for monotone constraints can be easily applied to the bottom up ap-
proach.

Star-cubing [4] is the most efficient iceberg cubing algorithm. It makes use of
shared computation as in Multiway Array Cubing [10] and incorporates pruning
for monotone constraints. It is shown that Star-cubing is more efficient than
BUC and H-cubing. However, the optimisation in Star-cubing is specific to only
monotone constraints such as “COUNT(x) > 4”.

The diversity of users’ information needs means that practical constraints
are often complex and non-monotone, such as constraints with AVG or SD
(StandardDeviation). Iceberg cubing for complex non-monotone constraints is
challenging due to the difficulty of pruning. Recently, Wang et al. [9] proposed
an algorithm Divide and Approximate for pruning for non-monotone constraints.
The pruning techniques however are only suitable for BUC like bottom-up single
group oriented computation. A more detailed analysis of Divide and Approxi-
mate pruning is provided in Section 4.

In this work, we propose the iceberg cubing algorithm Bound-cubing, which
incorporates bounding techniques for pruning with complex non-monotone con-
straints. It is not only general and effective in pruning but also well suited for
an efficient top-down shared aggregation strategy. Importantly, little overhead is

! In the literature, this is also called anti-monotone.
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incurred by bounding. Our experiments show that Bound-cubing is marginally
more efficient than Star-cubing in computing iceberg cubes with monotone con-
straints; it significantly outperforms the Divide and Approximate algorithm [9]
for non-monotone constraints.

2 Bounding Aggregate Functions for Pruning

In this section, we describe our bounding techniques for pruning. We aim at
pruning with general constraints of the form “f(x) op 6”, where f(x) is an ag-
gregate function, op is the comparison operator > or <, and 0 is a threshold.
We will focus on bounding for a single constraint; this can be easily extended
to multiple constraints. The main idea of bounding is to bound the aggregation
values of a set of groups from the same values used for computing the aggrega-
tions of the groups. The derived bounds can be used to prune the set of groups
at once.

In cube computation, aggregate functions are categorised into Distributive,
Algebraic, and Holistic functions, based on how a group can be aggregated from
its sub-groups [6].

— Distributive: An aggregate function F is distributive if for a group g, F(g)
can be aggregated from the values of F(g,), where gs groups are g’s sub-
groups. Aggregate functions SUM, COUNT, MIN, and MAX are distributive.

— Algebraic: An aggregate function F is algebraic if for a group g, F(g) can
be computed from a known M number of intermediate aggregations of g’s
sub-groups by some aggregate functions. For clarity, we call these aggregate
functions in F' local aggregate functions. Aggregate functions AVG, SD, MaxN,
MinN, and CenterOfMass are algebraic. Taking AVG as an example, AVG
= “SUM(SUM(m))/SUM(COUNT (x))”, where m is the measure. Note that
distributive functions are a special case of algebraic functions, where M =
1 with a single local aggregate funciton being F'.

— Holistic: There is no fixed number of intermediate aggregate values that can
aggregate a group for a holistic function. RANK is a holistic function. There
exists no known computation methods other than computing the aggregation
from the raw data hence they are not considered in this work.

Given a cube defined on k dimensions, the data cube core [6] refers to the
k-dimensional groups. In the context of a cube, the data cube core are the
base units of aggregation which can be further aggregated to compute other
aggregations in the whole cube [6]. For example, given CUBE(A, B, C) with
SUM, the groups (a1, b;, ¢;) for some i can be aggregated to compute SUM((ay,
b;)), all of which can in turn be aggregated to compute SUM((a1)). We extend
this definition to define the core of a set of groups with super and sub-group
relationship, which is the basis for bounding.

Definition 1. (The core groups and the group-Core) Given a group g and the
set of its sub-groups Sy, the group-Core of g and Sy, denoted as Cy, are the set of
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sub-groups in Sy that have the mazimum number of grouping-dimensions. Fach
group in C4 is a core group denoted as gc.

All later discussions are implicitly within the context of g and S,. Also, FU and
FT denote the upper and lower bound of a distributive or algebraic function F
for g and S, respectively. The symbols +ve and -ve denote positive and negative.

Like the data cube core, g. groups are the base units of aggregations, a set
of g. groups can be aggregated to compute g or a group in S;. Therefore, the
largest and smallest aggregations of F' that can possibly be produced by any
subset of C; are the common bounds of F' for g and S,.

While the set of base units can be any set of higher dimensional sub-groups
of g. groups for g and every group in S, the g. groups are the most aggregated
base units. Most stringent pruning by bounding is achieved with g. groups.

It is clear that exhaustively checking all subsets of C4 is infeasable. Further-
more, there are multiple local aggregate functions in a algebraic function . We
formally define the boundability of an aggregate function as follows.

Definition 2. An aggregate function F is boundable if (1) the bounds for F are
made up from the boundary-values of every local aggregate function f; and (2)
enumerating the subsets of Cy is unnecessary in deriving the boundary-values of
every f. The boundary-values of f include the max +ve, min +ve, mazx -ve, and
min -ve values of f. The appropriate boundary-value of each f for bounding F
is based on the context of the arithmetic operations f is in.

2.1 Bounding Distributive Functions

All distributive functions are boundable since (1) the boundary-values of the
single f prodce the bounds of F and (2) they can be derived with a single scan
of C4. The bounds in terms of the set of g. groups of all distributive functions
for +ve and -ve measures are listed in Table 1.

Table 1. The upper and lower bounds of all distributive functions

F FY Ft
SUM  [if 3 SUM(gc) > 0, SUM( SUM(gc) ), where [if 3 SUM(gc) < 0, SUM( SUM(gc) ), where
SUM(g.) > 0; otherwise, MAX(SUM(g.)) |SUM(g.) < 0; otherwise, MIN(SUM(g.))

COUNT|SUM(COUNT(g.)) MIN( COUNT (g.))
MAX  [MAX(MAX(g.)) MIN(MAX(gc))
MIN  [MAX(MIN(g.)) MIN(MIN(g.))

2.2 Bounding Algebraic Functions

Bounding covers algebraic functions that apply only the basic arithmetic oper-
ations (+, —, X, and /) on their local aggregate functions.

The boundability of algebraic functions is illustrated by the following two
examples. Assume the measure can be +ve or -ve and let s and ¢ be the local
aggregate values sum and count at g. groups.
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Ezample 1. (A boundable algebraic function) The algebraic function AVG =
SUM(s)/SUM(c¢). The max +ve of SUM(s) and the min +ve of SUM(¢) derive
AVGY. Also both the max 4+ve SUM(s) and the min +ve SUM(¢) are boundable,
as is shown in Table 1. AVG is boundable.

Ezample 2. (An unboundable algebraic function) The algebraic function (1/AVG)
= SUM(¢)/SUM(s). The max +ve of SUM(¢) and the min +ve of SUM(s) derive
(1/AVG)Y. Unfortunately, the min +ve of SUM(s) comes from some combinations
of g. groups which cannot be determined by a single scan of C,. (1/AVG) is
unboundable.

2.3 Optimisation for the Expression “SUM(a) /SUM(+b)”

We optimise the common expression “SUM(a) / SUM(+b)” which exists in many
algebraic functions, including AVG, CenterOfMass, and VAR (SD). For example,
VAR = SUM(s%)/SUM(c) — 2 x (SUM(s)/SUM(c))? + SUM(s)/SUM(c) where
s2, s, and c are the square of sum, sum and count values at g. groups and
SUM(c) is always positive. The function contains three expressions of the form
SUM(a)/SUM(+b).

Theorem 1. (Bounding the expression E = SUM(a)/SUM(+b)) Given E, let
a; and b; be two intermediate aggregate values a and b in the it" g. group and
b; is always positive. Then EV = MAX(a;/b;) and E¥ = MIN(a;/b;).

Due to space constraints, the formal proof is omitted. The optimised EV and E*
are more stringent than the general techniques presented in Section 2.2. We use
AVG to litustrate that the optimisation achieves more strigent bounding. AVGY
is SUM(s)” /SUM(c)" with the techniques in Section 2.2, and it is MAX(a/b)
with the optimisation. Since SUM(a)V > a; and SUM(b)L < b; for any a; and
bi, SUM(a)V /SUM(b)" > MAX(a/b).

In the next section, we present an efficient aggregation strategy which can
easily identify C,4 for incorporating bounding during computation.

3 Top-Down Multiway Aggregation

We adopt a strategy where multiple cuboids are aggregated simultaneously. The
Group-Bounding Tree (GB-tree) is built to directly represent multiple cuboids.
The simultaneous computation of multiple remaining cuboids in a data cube
involves the construction of sub-GB-trees. Bounding with C, are incorporated
for pruning branches while building a sub-GB-tree.

3.1 The Group-Bounding Tree

A Group-Bounding Tree (GB-tree) of an aggregation F for a k-dimensional
dataset consists of a root node and k levels of branch nodes, each of which
corresponds to a dimension. A node contains a dimension-value, one or more in-
termediate aggregate values for F, and the links to its child nodes. An example
GB-tree on dimensions A, B, C, D, and F for AVG is presented in Figure 2.
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Fig. 2. Group-Bounding Tree

Groups and Sub-groups in the GB-Tree. In a GB-tree, a group g is repre-
sented by the nodes of g’s last grouping dimension-values on the branches con-
taining all of ¢g’s grouping dimension-values. A sub-group of g is represented on
a subset of ¢g’s branches that contain the additional grouping-dimension-values
of the sub-group. In the example, (al,bl) is a sub-group of (al) but not of
(b1). Two observations are made:

Observation 1 On a GB-Tree, the branch from the root to a node is a unique
combination of dimension-values. Fach node represents a unique group and a
descendent node its sub-group.

Observation 2 The leaf nodes under a group g are g’s sub-groups having the
largest number of grouping-dimensions. They are the g. groups of g and S.

3.2 The Multiway Aggregation Strategy

Building a GB-tree simultaneously computes many groups. In the example,
groups in cuboids ALL, A, AB, ABC, ABCD, ABCDE are computed. For
the remaining cuboids, each non-leaf dimension of the GB-tree is dropped to
construct a sub-GB-tree; and each non-leaf dimension that is below the last
dropped dimension of a sub-GB-tree is subsequently dropped to further con-
struct sub-GB-trees. When dropping a dimension D on a GB-tree, the branches
below each d; (d; € D) are amalgamated to form the new set of descendent levels
of the parent of the dropped dimension.

Each sub-GB-tree computes the set of child cuboids at the levels below the
last dropped dimension; they share the prefix dimensions before the last dropped
dimensions. Let a group grouped by the prefix dimensions be a prefiz group;
groups subsequently aggregated are all its sub-groups.

In our example, the sub-trees of the original tree are BCDE (—A), ACDE
(=B), ABDE (—C), and ABCE (—D) where the last dropped dimension is
indicated in (). The tree ACDE, whose last dropped dimension is B and the
prefix dimension is A, computes the cuboids ACDE, ACD, and AC they are all
sub-groups of some a;. The cuboids ADE and AD computed by further dropping
C of ACDE sub-tree are also sub-groups of some a;.
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Global Input: GB-tree T' of a k-dimensional dataset, ¢ =constraint.
/)T .prefixCuboid= () and T'.last-droppedD = 0
Output: Bound-cubing(T")
Algorithm Bound-cubing(7") {
foreach (g € T')// g is a group on a node of T
if(constraintCheckingOK(g)) output g;
subTrees = T.dropDimensions();
foreach (sT € subTrees) Bound-cubing(sT);
}
Procedure dropDimensions() {
subTrees = (;
foreach (i € {last-droppedD +1, ..., k} )
create sub-tree s7;;
foreach (gp € prefixCuboid)// foreach prefix group
if(boundCheckingOK(gyp))
sT;.amalgamate(gp, D;);//amalgamate branches of g, below D;
sT; . last-droppedD= i;
sT;.prefixCuboid= prefixCuboid U {V D; | j € {1 ... i—1}}
subTrees = subTrees U sT;;
return subTrees;

Fig. 3. Bound-Cubing Algorithm

[ABCDE, ABCD, ABC, AB, A, ALL

A |8 = -D
[BCDE, BCD,BC,B} [ACDE, ACD, AC J [ABDE, ABDJ ABCE

-B C =D

Fig. 4. The Aggregation Strategy for all cuboids

The recursive construction of sub-trees by dimension-dropping computes all
cuboids. The Bound-cubing Algorithm is shown in Figure 3.

The computation strategy diagram for CUBE(A, B, C, D, E) is shown in
Figure 4. The cuboids in each rectangle are computed simultaneously from a
single GB-tree.

Stringent Bounding for Pruning. A sub-GB-tree computes sub-groups of
some prefix group g,. The leaf nodes of g, are the g. groups of g, and its sub-
groups. Pruning using g. groups of g, can be directly applied when building a
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sub-GB-tree. The branches under failed g, are trimmed so that they do not par-
ticipate in generating sub-trees. To ensure effective pruning, when constructing
the next level sub-trees, the prefix groups are updated and the new g. groups
are used for pruning. To illustrate, the prefix groups on ACDE tree is A; by
dropping D, ACE tree is formed which computes the cuboid ACFE. The prefix
groups become AC and the AC'E groups at the leaf level become the new g,
groups.

4 Related Work

We discuss the two most related work, the Divide-and-Approximate [9] and Star-
cubing [4] iceberg cubing algorithms.

Divide and Approximate-Cubing (D&A Pruning). While bounding can
handle some algebraic functions with local aggregations of both signs in x and
/ operations, they cannot be handled by D&A [9]. The constraint “ SUM/MAX”
cannot be approximated by D&A pruning when SUM and MAX can be both pos-
itive and negative values, but they can be bounded. Moreover, in D&A pruning,
the approximator can only be derived from some group g with a sub-group of
g, gs, that is grouped by all dimensions and can prune only the groups that are
sub-groups of g and super-groups of gs. This suggests that in the simultaneous
computation of multiple cuboids, it is difficult to locate the specific groups that
can be pruned by the derived approximator on the tree before the groups are
actually computed.

Star-Cubing. Both the Star-tree and the GB-tree are inspired by the H-tree [7].
Star-cubing uses star-nodes which represent all non-frequent dimension-values
to reduce the size of the Star-tree. It is shown in [4] that for monotone con-
straints, star nodes significantly improve the efficiency of iceberg cubing. It is
briefly mentioned that star nodes can also be incorporated for non-monotone
constraints such as those involving AVG. However, this may involve consider-
able additional cost. Star nodes can be easily incorporated in Bound-cubing for
monotone constraints.

Bound-cubing and Star-cubing share the spirit of multiway computation of
cuboids [10]. In Star-cubing, with a traversal of the Star-tree, only the group at
the root and the groups of the cuboid at the leaf level are computed. Bound-
cubing computes multiple cuboids at multiple levels of the GB-tree at once while
multiple Star-trees need to be built in Star-cubing.

5 Experiments

Two datasets are used for our experiments. One is real world data consisting of
88443 tuples taken from the 1990 US census [12]. The dataset has 61 attributes.
We extracted the 10 attributes with discrete domains as dimensions such as
group-quarters-type, marital-status, and occupation, with cardinalities between
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6 to 10. The measure is total-income. The other is the OLAP benchmark re-
lational tables TPC-R [1]. We constructed a single joined relation to derive a
multidimensional dataset consisting of 1 million tuples with 10 dimensions, with
cardinalities between 2 and 25.

We examine two aspects of Bound-cubing separately. First, the aggregation
strategy of Bound-cubing is compared with Star-cubing. Second, the bounding
techniques are compared with D&A for pruning effectiveness. For fair compari-
son, we have implemented all three algorithms and applied the same implemen-
tation optimisations whenever applicable. Our experiments were conducted on
a PC with an Intel Pentium R 4, 1.70 GHz CPU and 512M main memory, run-
ning Red Hat Linux7.2. All programs are written in C++. All data structures
required can fit in memory. The runtime measured excludes the I/O time.

5.1 Bound-Cubing vs. Star-Cubing

To evaluate the aggregation cost of Bound-cubing, we compare it with Star-
cubing using the monotone constraint “COUNT(x) > ¢”. The runtime of both
algorithms on both datasets are recorded at different count thresholds and
shown in Figure 5. Bound-cubing is consistently faster than Star-cubing on both
datasets at all count thresholds. Bound-cubing is slightly more efficient than
Star-cubing. This can be attributed to the more simultaneous aggregation in
Bound-cubing.

Census 88443 Tuples, D:10 200 TPCR 1000000 Tuples, D:10

b
180" +—+ Star-Cubing.
+—+ Star-Cubing ar-Cubing.

RSN
T 4---4 Bound-Cubing. Bound-Cubing.

1604 A,

Run Time(sec)
Run Time(sec)

140+

AhAa
1204 Ataaa,
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200 400 600 800 1000 2000 4000 6000 8000 10000
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Fig. 5. Bound-cubing vs Star-cubing for Count Threshold

5.2 Bound-Cubing vs. D& A Cubing

We compare Bound-cubing with D&A cubing on the non-monotone constraint
“AVG(m) > «”. Their performance is shown in Figure 6 Two observations are
made: (1) Bound-cubing is always significantly more efficient than D&A cub-
ing at all thresholds. The improvement is 2 to 15 times on census dataset and
7 times on TPCR dataset. The performance gain is attributed to the simul-
taneous aggregation and bounding for pruning. (2) While the threshold of the
constraint increases, Bound-cubing becomes faster. Surprisingly, the runtime of
D& A does not decrease with larger thresholds. This suggests that the overhead
of pruning increases with the increase in the constraint threshold. In contrast,
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bounding techniques have low overhead and the efficiency gains always outweigh
the overhead incurred in pruning.

6 Conclusions and Future Work

We have developed effective techniques that bound the aggregate values of
groups. The bounding techniques are general and can prune for complex non-
monotone constraints defined with distributive and algebraic functions. We have
also developed an efficient computation strategy on the Group-Bound tree that
computes multiple cuboids simultaneously. In terms of cube computation, our
contribution is a general approach for dealing with complex non-monotone con-
straints. The approach incurs little overhead and fits nicely with the multiway
aggregation strategy.
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Abstract. The use of pre-computed aggregate data is a common technique to
address performance in Data Warehouse systems (DW), but the adoption of ag-
gregates must be transparent. An aggregate retargeting mechanism redirects a
query to available aggregate table(s) whenever possible. In this work, we pre-
sent an aggregate retargeting mechanism that deals with multiple fact table
schemas (MFTS), which are composed of many fact tables related by con-
formed dimensions. The algorithm provides two types of transparency: a) ag-
gregate unawareness, and b) MFTS join complexity unawareness. The algo-
rithm requires simple metadata, and it is non-intrusive. The paper presents the
retargeting algorithm, required metadata and performance experiments.

1 Introduction

Data warehouses (DW) are analytical databases aimed at supporting decision-making.
A DW is modeled in terms of fact and dimension tables, which can be arranged in a
variety of schema types, such as star, snowflake or multiple fact tables [7][12][6]. A
multiple fact tables schema (MFTS), or fact constellation schema, is composed of
several fact tables, related through a set of conformed dimensions [7], i.e. dimensions
that have the same meaning at every possible fact table. MFTSs are commonly used
to model a DW as a set of multiple, interrelated subjects [6][12]. In relational data-
bases, On-line Analytical Processing (OLAP) operations typically result in SQL que-
ries in which aggregation functions (e.g. SUM) are applied to fact table attributes,
using dimension table attributes as grouping columns. MFTSs impose restrictions on
the joining of facts and dimensions: distinct fact tables can only be joined if they
represent data at the same granularity level.

Performance is a critical issue in DW systems. Pre-computed aggregation is the
most efficient strategy to reduce the time needed to access a large numbers of rows
[4][9][15]. An aggregate, also referred to as summary table, is a materialized view that
stores redundant, consolidated information. The adoption of aggregates presupposes
the resolution of a number related problems, among them [9]: a) finding the best set of
aggregates under space or update overhead constraints; b) efficiently computing these
aggregate views from raw data; c) efficiently maintaining the aggregates when new
data is shipped to the data warehouse; and d) exploring the aggregates to answer que-
ries. This paper addresses the last problem.

Y. Kambayashi et al. (Eds.): DaWaK 2004, LNCS 3181, pp. 118-128, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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The adoption of aggregates should be completely transparent to DW users for two
main reasons [7]: a) users typically do not have the necessary technical skills to make
the appropriate choices on how to conveniently use aggregates to improve perform-
ance, and b) as decision requirements change constantly, aggregates may have to
change accordingly (e.g. removal of obsolete aggregates). An aggregate retargeting
mechanism provides this transparency, by redirecting a query, if possible, to the
available aggregate table(s) that can answer the query [9].

This paper presents an aggregate retargeting algorithm that handles MFTS, provid-
ing users with two types of transparency: aggregate unawareness and MFTS complex-
ity unawareness. The algorithm requires simple metadata, and it is non-intrusive. The
paper discusses the retargeting algorithm, underlying metadata, and presents perform-
ance tests. This paper improves previous work [2] by considering aggregates that
represent a subset of the available data (i.e. by restricting the values of dimension
attributes) and by presenting performance experiments.

The remainder of this paper is structured as follows. Section 2 discusses a motiva-
tion scenario. Section 3 presents the algorithm and the required metadata. Section 4
describes the experiments and Section 5 discusses the results. Section 6 presents re-
lated work. Conclusions and future work are addressed in Section 7.

2 Joining Tables in MFT Schemas

To illustrate the problem tackled, let us consider the example depicted in Figure 1.(a).
The Costs table is considered along the dimensions Product(Code, Class, Group, Fam-
ily, Line, Division) and Time(Month, Quarter, Year), whereas the Sales table is consid-
ered along Product, Time and Channel(Base).

Sales Costs
Prod_ID | Time_ID Channel_ID DollarSold Prod_ID Time_ID DollarCost
DI1PI Jan/2001 Cl 500 DI1P1 Jan/2001 100
DIP1 Jan/2001 C2 500 DI1P2 Feb/2001 200
DI1PI Feb/2001 Cl 1000 DI1PI Mar/2001 300
DI1PI Feb/2001 Cc2 1000 D2P1 Jan/2001 400
D2P1 Feb/2001 Cl 5000 D2P1 Feb/2001 500
(a) An MFTS extension.
Quarterly Analysis
Division Quarter DollarSold DollarCost
Dl 1Q/2001 3000 600
D2 1Q/2001 5000 900

(b) Quarterly Sales/Costs Analysis.

Fig. 1. Example of Facts and resulting Analysis.

Suppose that a critical query is to compare quarterly sales and costs of product di-
visions. Assuming that product D1P1 and D1P2 belong to division D1, whereas prod-
uct D2P1 belongs to division D2, the corresponding analysis is presented in Fig-
ure 1.(b). The user, unaware of the subtleties involved, might formulate the query as
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in Figure 2, that only produces correct results when Costs(Prod_ID, Time_ID) and
Sales(Prod_ID, Time_ID) have both identical set of instances. Since this condition is
not met by the tables depicted in Figure 1.(a), this query produces incorrect results.
First, an outer join is necessary, because not all combinations of month/product pre-
sent in Costs are included in Sales. Second, and most importantly, due to the Channel
dimension, all sales corresponding to the same month/product must be aggregated
before they can be joined to the corresponding costs fact for that same month/product,
otherwise the same Costs record will be joined with many Sales records, one for each
Channel value. Most users do not have the technical skills for realizing these prob-
lems, and their implications in query formulation. Therefore, queries involving MFTS
need to be hidden through specific interfaces and applications.

“the sales amount and respective costs, per quarter and product division”
Select Division, Quarter, SUM(DollarSold) DollarSold, SUM(DollarCost) DollarCost

From Time, Product, Sales S, Costs C

Where Month= S.Time_ID and Month= C.Time_ID and Code= S.Prod_ID and Code=
C.Prod_ID

Group by Division, Quarter

Fig. 2. Naive input SQL query.

3 The Retargeting Algorithm

The retargeting algorithm handles MFTS with the use of aggregates, providing total
transparency for users. Transparency in this context has a twofold meaning:
a) aggregate unawareness, and b) MFTS join complexity unawareness. This retarget-
ing service is non-intrusive, and it is intended to lie between the front-end tool and the
DBMS. It considers as input a query written by a user through a proper user interface
(e.g. a graphical one intended for naive users). The algorithm assumes that:

e Users are unaware of MFTS joining complexities, and always write their queries in
terms of desired facts and dimensions in a single query. The retargeting service is
responsible for rewriting the query to produce correct results despite of the DW ex-
tension, assuming as a premise that it is necessary to bring each fact table to the
same summarization level before joining them (as explained in Section 2).

e Users are unaware of the existence of aggregates, formulating queries in terms of
the original base tables and dimensions. To improve performance, the retargeting
service is responsible for rewriting the query in terms of aggregates, if possible.

e Retargeting queries involving a single fact table (Star Schema) is a special case of
MFTS. Other types of schemas (e.g. Snowflake) are not considered.

3.1 Metadata

The algorithm requires very few metadata, which is easily supplied by the DBA.
Metadata, depicted in Figure 3 using a UML diagram, is divided into three main
groups: tables, star schemas and relationship between star schemas. A MFTSchema is
modeled as a set of individual StarSchemas, which can be related by derivation rela-
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tionships (derived/deriving). Aggregating the fact table of its deriving schema(s) pro-
duces a derived schema, also referred to as an aggregate schema, or simply aggregate.
Notice that an aggregate schema can have more than one deriving schema. Thus,
derivation relationships define a partial ordering among schemas [9], meaning that
any derived schema can be computed from the Cartesian product of its deriving
schemas. Only direct derivations are maintained. For the algorithm, the derivation
relationship is represented by a directed acyclic graph G(V, E), where V represents a
set of star schemas, and E corresponds to the set of derivation relationships between
any two schemas [13]. Figure 4 exemplifies a derivation graph, where Sales and Costs
are the base schemas. With respect to its deriving schema(s), an aggregate schema can
eliminate dimensions or be related to shrunken dimensions. A shrunken dimension [7]
has either fewer attributes with regard to the dimension it shrinks (e.g. dimension
TimeSh(Year) shrinks Time(Month, Quarter,Year)), fewer tuples (e.g. TimeSh is a
subset of Time where Year > 1999) or both. We assume that the names of the attrib-
utes are not modified in shrunken dimensions/aggregates with regard to the original
ones (i.e. from the respective deriving schemas).

MFTSchema
(=D Attribute
Table name
FactTable type
t.n -4‘: ome
A v /// _ —size 1.n (c)::%:ttion
derived condExpression
Rane ———— | DimensionTable |shrinks
01 ltype 0 o.n
0..n 0..1 “ 0..1
deriving |
‘ ShrunkenDimensionTable _0..n

Agregation
function

‘ ‘u. shrunken

Fig. 3. UML representation of Metadata.

Sales Costs
Aggrl Aggr2 Agar3
Aggr4

Fig. 4. Derivation graph for the MFTS.

3.2 The Algorithm

The input is a user query with the following restrictions: a) no nested queries; b) dis-
tributive aggregation functions [9]; c¢) all dimensions listed in the from clause apply to
all fact tables; d) the where and having clause are a conjunction of primitive Boolean
conditions. The algorithm is divided into 4 steps, presented below. The output of each
step is illustrated in Figure 5, using the input query of Figure 2 and the derivation
graph of Figure 4. The algorithm is an extension of the one presented in [7], to deal
with multiple fact tables.
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Step 1: Division into Component Queries

For each fact table F; listed in the from clause of input query Q, create a component
query C; such that:

C, from clause := F; and all dimensions listed in the from clause of Q;

C, where clause := all join conditions of Q necessary to relate F; to the dimensions,
together with any conditions involving these dimensions;

C, group by clause := all attributes used in the group by clause of Q;

C; having clause = all conditions involving aggregation functions applied to F; at-
tributes;

C, select clause := all attributes used in the group by clause of Q, in addition to all
aggregation function(s) applied to F; attributes;

Step 2: Selection of Candidates for Component Queries
This step generates the candidate set CS, for each component query, which are sche-

mas (base or aggregate) that answer C,. For each component query, the graph is

traversed recursively starting from the corresponding base schema, i.e. the one con-
taining the fact table F, listed in the from clause of C,. Notice that when the algorithm

detects that a schema cannot answer the component query, the search stops because
no schema derived from it would be able to answer it as well. In the worst case, C;

contains the respective base schema.
For each component query C;, generated in Step 01:

Let n:= the node that corresponds to the base schema of C;;
Let CS,; := Explore(C;, n);

The recursive function Explore is defined as follows:
Explore(C;, n)
ResultSet := { };
If compatible_attributes(C; , n) and compatible_conditions(C; , n) and compati-
ble_aggregate_functions(C; , n)
Then begin
Let ResultSet:= {n};
For each dn, where dn is a derived schema of n
Let ResultSet:= ResultSet U Explore(C,, dn);

end;
Return ResultSet.

where compatible_attributes(q, n) is a function that verifies if all attributes of the
component query g (clauses select, where, having) are described for the schema n;
compatible_conditions(q, n) verifies if the set of conditions specified in the where
clause of g is subsumed by the conjunction of conditions described over the attributes
of the schema n [1]; and compatible_aggregate_functions(q, n) verifies whether the
aggregation functions used in the select and having clauses of g are compatible with
the ones described over the numeric attributes of the schema » [9].
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Step 1: Component Query

C1 = Select Division, Quarter, SUM (S.DollarSold) DollarSold
From Time, Product, Sales S

Where Month = S.Time_ID and and Code = S.Prod_ID
Group by Division, Quarter

C2 = Select Division, Quarter, SUM (C.DollarCost) DollarCost
From Time, Product, Costs C

Where Month = C.Time_ID and Code = C.Prod_ID

Group by Division, Quarter

Step 2: Candidate Set
CS, = {Sales, Aggr1, Aggr4} for component query C,;
CS, = {Costs, Aggr2, Aggr4} for component query C,.

Step 3: Best Candidate
t-min = (Aggr4, Aggr4)

Step 4: Query Reformulation

Select Division, Quarter, SUM (DollarSold) DollarSold, SUM (DollarCost) DollarCost
From Sh_Time, Sh_Product, Aggr4 A4

Where Quarter = A4.Time_ID and Line = A4.Prod_ID

Group by Division, Quarter

Fig. 5. Output of Algorithm Steps.

Step 3: Selection of Best Candidates
This step selects the best combination of candidates to rewrite the query, and this
choice is based on the minimum accumulated size criterion, defined as the minimum
volume of records that need to be manipulated to answer the query.

Let T be a set of tuples (e, ..., e,), where e; € CS,, ..., ¢, € CS,, (n>0), repre-

senting the Cartesian product of candidate sets CS; X .. X CS,. Let t be a tuple of T.
The accumulated size of t(e,, ..., e ), AS(t), is a function that returns the sum of re-

cords that must be handled if the query were rewritten using t. AS(t) computes only
once the size of a given table, in case it is included in more than one candidate
set CS,.
Consider all CS; sets generated in Step 2,
Generate T=CS; X .. X CS

Let t-min := min( AS(t) for all t € T);

Step 4: Query Reformulation

Once the best candidate for each component query is determined, the query is rewrit-
ten. If the set of best candidate resulting from Step 3 has a single element, i.e. a com-
mon aggregate for all component queries, a single query is written using that aggre-
gate and the respective shrunken dimensions. Otherwise, the query is rewritten in
terms of views that summarize the best aggregates individually, which are subse-
quently joined. Figure 5 (Step 4) displays the rewritten query for our example, where
Sh_Time and Sh_Product are shrunken dimensions related to aggregate Aggr4. This
algorithm is trivial and it is not presented due to space limitations.

4 Experiments

The purpose of our experiments was to verify if the algorithm leads to best choice (in
terms of query execution time) to answer a multi-fact query, considering different
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configurations of aggregates. The set of aggregates includes both aggregates that
summarize individual fact tables, and aggregates that summarize and join different
fact tables (referred to as joined aggregates). We performed tests considering: (a)
different sizes for the output, (b) different levels of aggregation (compression factor)
and (c) four different manners of implementing the data warehouse (base and aggre-
gate schemas). The four alternatives are a combination of sorting and indexing
properties, namely: (i) unsorted and pre-sorted tables, considering the best and the
worst possible sorting order, (ii) tables with and without proper indexes. Best sorting
and proper indexing are considered with regard to the target input query. A table pre-
sents the best sorting to solve a target query if its ordering matches the sequence of
retrieving the records by the DBMS, saving 1/O operations. To be realistic, we con-
sider that the tables of base schemas always have proper indexes.

We adopted the MFTS schema of the APB-1 OLAP Benchmark [11], from which
we selected tables Inventory and Sales, considered along 3 common dimensions: Prod-
uct(Code, Class, Group, Family, Line, Division), Customer(Store, Retailer) and
Time(Month, Quarter, Year). Sales is additionally considered along the dimension
Channel(Base). Figure 8 depicts the hierarchy of aggregates defined, where Inventory
and Sales are the base tables, I. are aggregates summarizing facts of Inventory, aggre-
gates S, summarize facts of Sales, and IS, are joined aggregates that summarize and
join Sales and Inventory facts. Our target input queries are the ones used to generate
IS,, IS, IS, and IS,. For each of them, we executed a set of tests considering the

presence of different aggregates. Thus, we tested how the query was answered using
the joined aggregate of its respective level, as well as using combinations of aggre-
gate/base schemas from the previous levels. For instance, Query One retrieves the

content of aggregate IS, Therefore, Query One was answered by: (a) aggregate IS, ,
(b) summarizing joined aggregates from the IS, derivation relationship (IS;, IS,, IS,),
and (c) summarizing and joining schemas in the derivation hierarchy of I, and S,,

including base schemas Inventory and Sales. This rationale applies to the experiments
related to Query Two (IS5), Query Three (IS,) and Query Four (IS,).

ED DD D>
#7,096,8% #5,319,900 #3,982,626 #1,635,930 #323,676
(75% Inventory) (56% Inventory) (23% Inventory) (5% Inventory)
(H—— (D ——()—>
#5,319,900 #3,982,626 #1,635930 #323,676
(75% Inventory) (56% Inventory) (23% Inventory) (5% Inventory)
OO
#6,741,792 #5,055,606 #3787,128 #1,563,588 #315972
(75% Sales) (56% Sales) (23% Sales) (5% Sales)

Fig. 8. Derivation Graph.
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Experiment data was generated using the APB.EXE program, executed in a Sun
Ultra II - Solaris, using a market leader database management system. APB.EXE
generates randomly data for the fact/dimension tables, given two input parameters:
channel (used to populate dimension tables) and density (percentage that determines
how many of the possible dimensions combinations will have corresponding facts).
They were settled as 17 and 0.1%, respectively, resulting in fact tables with a very
large population. Aggregate hierarchy levels are defined to obtain aggregates that
represent approximately 75, 50, 25 and 5 percent of the base fact tables population
(levels 1, 2, 3 and 4, respectively), chosen as representative values for verifying exe-
cution behavior considering different summarization rates. These are obtained by
eliminating the Channel dimension of fact table Sales, and by recursively shrinking the
Product dimension. Figure 8 displays the fact table population (#) for each base or
aggregate schema, as well as the corresponding percent value w.r.t. the base fact ta-
ble.

Table 1. Execution times to answer Query One.

Accumulated Without In- Without In-
Source Tables Size Indexed / Sorted| dexes/Sorted |Indexed/Unsorted| dexes/Unsorted
Inventory/Sales 13838688 3:17:51 4:06:51
11 x S1 10375506 0:46:42 1:39:37 0:48:30 1:52:48
12xS2 7769754 0:40:45 1:13:48 0:35:32 1:28:15
1S1 5319900 0:26:44 0:28:06 0:19:47 0:21:05
1S2 3982626 0:24:01 0:23:13 0:17:17 0:17:41
13xS3 3199518 0:19:14 0:31:50 0:18:21 0:39:45
1S3 1635930 0:12:32 0:12:48 0:08:17 0:09:46
14 x S4 639648 0:05:27 0:09:04 0:06:36 0:08:59
1S4 323676 0:04:52 0:04:46 0:05:32 0:05:09

Table 1 details data related to the 34 experiments executed for Query One. Column
Source Tables presents the tables used to solve the target query. Column Accumulated
Size sums population of used tables. Each cell represents an execution of the target
query in terms of the Source Tables, considering one of the 4 specific DW implemen-
tations considered. For example, the execution time of Query One on I1 x S1 is 0:46:42,
considering that I1 and S1 are properly indexed and present the best sorting. Previous
tests were done on the DBMS to determine the best and worst sorting, for each table,
given a target query. Recall that base schemas are always indexed.

Figure 9 presents Table 1 data graphically. The x-axis presents the Accumulated
Size of the Source Tables and the y-axis displays execution times. Each curve corre-
sponds the execution time according to a DW implementation. We produced similar
data for the 3 other queries (Two, Three and Four), so as to test performance consider-
ing different output population. Although absolute times changed, the patterns dis-
played in Figure 9 are maintained in all 3 sets of experiments.

5 Experiments Discussion

Considering execution times displayed in Table 1 and plotted in Figure 9, it is possi-
ble to observe that the criterion accumulated size always adopted make the best
choice in the following situations:
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to 4:06:51 [~ | to3:17:51

2:30:00
!
2:15:00 — ¢ —index/sorted
—6—no index/sorted
2:00:00 +—— —x— index/unsorted
- + - no index/unsorted

1:45:00 -

Fig. 9. Query One Performance Graph

e all candidates are indexed by proper indexes;
except for the base schemas (which are always candidate), none of the candidates
are properly indexed, but they are all joined aggregates;

The accumulated size may not lead to the best decision when it is necessary to join
fact tables, or when some candidates have indexes whereas others (possibly smaller
ones) do not. Indeed, the existence of indexes may be more significant than accumu-
lated size alone, particularly if fact tables must be joined. For instance, the time nec-
essary for executing the query based on 13 x S3 without proper indexes (Figure 9, x =
3,199,518) is superior than the time required to compute it from 152 (Figure 9, x =
3,982,626), which is larger, when 1S2 has proper indexes. Notice that it is even com-
parable to 12 x S2 candidate, which is significantly larger (Figure 9, x = 7,769,754), if
both 12 and s2 are indexed. It should be observed however that the difference in time
is not always significant and this situation does not constitute a pattern (e.g. see 14 x S4
vs. 1S3). Properly sorted tables normally produce better results, but table sorting does
not have a significant impact on time execution.

The results with regard to indexing are not surprising, for index role is well known
[9]. In spite of that, the inadequate choice of our algorithm did not imply a severe
performance degradation by considering exclusively the accumulated size. In our
experiments, the worst case represented approximately 40 minutes, which corre-
sponds to 89% of time increase (i.e. it has not even doubled the execution time). Also,
the impact of indexes is directly related to table population. The main advantage of
the accumulated size criterion is that it is possible to develop a non-intrusive algo-
rithm, which does not require a detailed understanding of DBMS characteristics for
proper parameterization and functioning.
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6 Related Work

The problem of exploiting aggregates for efficient query processing is addressed in
works such as [3][5][8][14][15]. The focus of [3][5] is on the optimization of the query
plan, with the use of new operators. [8] addresses cache management, which is suit-
able for supporting the interactive, ad hoc analyses typical of DW environments. [15]
presents an algorithm that rewrites queries to make the best use of aggregates. The
algorithm detects the overlapping part between an input query and one or more aggre-
gates, providing a compensation for the non-overlapping parts. With regard to
[5][14][3], the main contribution of [15] is the complexity of input queries addressed
(i.e. complex expressions, multidimensional aggregation and nested queries). None of
these works address MFTS. Also, they are meant to be embedded into the database
engine or OLAP server, and compute aggregates dynamically.

The algorithm presented here is an extension of one proposed in [7], in order to al-
low users to deal with multiple fact tables in their input queries. The algorithm of [7]
is used to implement a query navigator, focused on Star Schemas. Notice that this
navigator allows a user to deal with MFTS if he/she produces two or more aggregate
tables, each one based on a single Start Schema, and then joins the results using SQL.
This approach does not provide the transparency with regard to the problems related
to MFTS, since all problems highlighted in Section 2 may happen. MS Analysis [10]
also allows joining virtual cubes, thus handling MFTS. However, virtual cubes can be
joined only if they share at least one common dimension, provided that both cubes
have along these common dimensions identical set of members. Thus, only a limited
set of MFTS extensions are supported. Unlike these works, the algorithm proposed in
this paper provides total transparency on the problems related to input queries submit-
ted to MFTS, imposes no constraints on DW extension and additionally improves
performance by exploiting aggregates. To the best of our knowledge, other market
leaders such as DB2 and Oracle do not handle MFTS.

7 Conclusions

The algorithm presented in this work deals with MFTS, providing two types of trans-
parency: a) aggregate unawareness, and b) MFTS query complexity unawareness. The
algorithm requires simple metadata, and it is non-intrusive. Thus it can be imple-
mented as a layer in between the user front-end tool and DBMS engine.

To test the algorithm’s performance, the experiments considered four alternative
DW implementation scenarios that could influence the results, different input and
output populations, and various types of aggregates (joined aggregates vs. aggregates
of a single fact table, different compression factors). The population of the base fact
tables is also representative of real DW environments. We conclude that the criterion
of accumulated size produces good results in almost all the cases. The significant
exceptions were related to the existence of indexes, particularly in situations when
distinct fact tables must be joined. In spite of that, the inadequate choice of the algo-
rithm did not imply a severe performance degradation.

The main advantage of the accumulated size criterion is that it is not necessary to
take into account DBMS internals characteristics. For instance, one has to study the
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optimization plans and statistical data provided by a specific DBMS in order to under-
stand the heuristics and function costs applied, and how these criteria influence each
other. This can result in a difficult algorithm parameterization, which would be spe-
cific to DBMS, platform configuration and volume of records at hand. This parame-
terization is error-prone, and could lead to questionable results if not adequately per-
formed. In opposition, the metadata required by our algorithm can be easily collected
with simple SQL standard statements.

Future work includes extending performance tests (e.g. more than two fact tables,
indexing related to Boolean conditions that restrict aggregates), improving the algo-
rithm (e.g. other cost metrics, union of distributed schemas), the integration of the
current algorithm implementation into a DW architecture, the use of the proposed
algorithm in the context of dynamic aggregate computation, among other topics.
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Abstract. This paper describes a scheme for partial pre-aggregation to speed up
the response time of queries that are posed for the array-like interface, subject
to the constraint that all pre-computed aggregates must fit into storage of a pre-
determined size. The target query workload consists of all base and aggregate
cells that are stored in a multidimensional array (i.e. cube). These queries are
actually range queries pre-defined by users. Due to the huge size of all possible
aggregate cells, the emphasis of our scheme is to reduce the overhead for query
compilation. An efficient and effective query decomposition method is devised,
which works well with a pre-aggregation scheme whereby pre-computed aggre-
gates form a sub-cube of the full cube. A greedy algorithm is devised is to de-
rive such a sub-cube. A HOLAP engine which implements this partial pre-
aggregation scheme is described. Experimental results using both synthetic and
real-life datasets are presented to demonstrate that the partial pre-aggregation
scheme is viable, and for some complex queries, accelerates query execution by
close to 300 times.

1 Introduction

In the recent years, the database industry has settled on HOLAP (Hybrid) OLAP as
the main approach for implementation of OLAP (On-Line Analytic Processing) appli-
cations. A HOLAP is a combination of a MOLAP engine over aggregated data (the
cube) and a Relational DBMS over base data. It is more scalable than a pure Multi-
dimensional OLAP (MOLAP), but it keeps the array-like interface from its MOLAP
engine, which offers superior performance for many OLAP applications in compari-
son to SQL, or its extended versions. According to a group of Oracle researchers,
SQL suffers, in a fundamental way, from (i) lack of language constructs to treat rela-
tions as arrays and to define formulas over them, and (ii) lack of efficient random
access methods for array access ([Wit03]).

This paper is concerned with construction of an HOLAP engine that directly sup-
ports an array-style querying interface. Due to a well-documented phenomenon called
database explosion [Pendse03], only a small portion of the set of all possible aggre-
gated data is generated and stored in the cube. This practice is called partial pre-
aggregation. To the best of our knowledge, this paper is the first to study partial pre-
aggregation for MOLAP/HOLAP systems'. Indeed, there have been assertions that
that every aggregate in MOLAP database must be pre-computed (e.g. [PS99], [HI8]).

' Some MOLAP/HOLAP vendors may have implemented their partial pre-aggregation
schemes, but we are unaware of any description of these schemes in the literature.

Y. Kambayashi et al. (Eds.): DaWaK 2004, LNCS 3181, pp. 129-137, 2004.
© Springer-Verlag Berlin Heidelberg 2004
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Several research articles have been published ([BPT97], [HCKLO00], [HRU96],
[GHRU97], [SDN98], [GM99]), which studied the partial pre-aggregation problem
for ROLAP systems. However, the research issues about partial aggregation for
HOLAP engines are very different because of its array-like interface. Unlike views as
defined by the CUBE-BY operator ((GBPL96]), cells in the cube are far more numer-
ous. We define query compilation as the process to search for relevant pre-aggregated
data which would assist in computation of the answer for a query. The query compila-
tion time is generally negligible in the case of views, because they can be connected
as a lattice ([HRU96]). In case of HOLAP engines, the query compilation time could
be so large that it can offset any advantage in reduction in access time. Much of this
paper is about finding an efficient query compilation scheme, an emphasis that actu-
ally drives the optimization process.

The rest of this paper is organized as follows. The basic concepts of HOLAP, to-
gether with the special terms we use in this paper, are explained in Section 2. The data
structure (i.e. B-tree) to organize the non-empty cells of the cube is also discussed
there. In Section 3, the query compilation method, which is essentially a query de-
composition method, is described. In Section 4, we describe the Greedy Algorithm,
which selects cells whose measures will be pre-computed. In Section 5, experimental
results are presented to show the overhead of the query processing, and to justify this
overhead in view of reduction in query response time. Section 6 is the conclusion.

2 Cube and HOLAP Engine

The (full) cube is defined in this paper to be a k-dimensional array, where k is a posi-
tive integer greater than zero. Each dimension of a cube has D, members, 1<=i<=k,

which are organized as a hierarchy. The members at the leaf level are called primary
members. All other members in a higher level of the dimension hierarchy are called
group members. The hierarchy is a free hierarchy, where a member is assumed to
have exactly one parent, except for the root. A sub-cube is a k-dimensional array,
which has all primary members and a subset of group members for each dimension of
the full cube. The base cube, as a sub-cube of the cube, is the k-dimensional array,
each dimension of which has only the primary members. This is the smallest sub-
cube.

Fig. 1 shows dimension hierarchies of a 2-dimensional OLAP database, i.e., all
sub-cubes built from this database are 2-dimensional cubes. All members, which are
numbered within the interval [1,4] are primary members, and the remaining ones are
group members. The cube contains all 7 members on each dimension. The base cube
contains all 4 primary members, but no group members, on each dimension.

Fig. 1. Dimensional Hierarchies of an OLAP Database
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A cell in the cube is labeled by a k-tuple, which is composed of its coordinates
along the k dimensions. A cell is an aggregate cell if at least one coordinate of the
cell is a group member of some dimension, otherwise it is a primary cell. A cell stores
a single numeric value, which is called the measure, although the results of this paper
are equally valid for multiple values stored in each cell. Measures of all primary cells
are input from a data source. The measure of an aggregate cell may be calculated
according to the method to be discussed later in this section. The calculation can take
place on demand, usually when its value is required for computation of the answer of
a query, or, it can be pre-computed, i.e., before the query time. In the latter case, the
cell is called a pre-aggregated cell. A cube is fully pre-aggregated if all aggregate
cells in the full cube are pre-aggregated. A PPA (Partially Pre-aggregated) cube is a
sub-cube, where all aggregate cells in the sub-cube are pre-aggregated. A group
member that is included in some dimension of a PPA cube is called a pre-aggregated
member of this sub-cube. A PPA cube is uniquely defined by the set of all pre-
aggregated members.

The input to the HOLAP engine is a query, which points to a cell of the (full) cube.
The purpose of our HOLAP engine is to determine the measure of the cell, and then
return it as the answer of the query. In this paper, we assume that all aggregated data
form a PPA cube. Consequently, the query whose corresponding cell is not found in
the PPA cube, must be computed on the fly. Hopefully, cells in the PPA cube would
help to reduce the response time of this query. The goal of this research is to find a
PPA cube, whose storage size is not to exceed a certain pre-determined threshold,
such that the response time of an average query is minimized. In Section 4, we will
introduce a greedy algorithm which essentially selects group members from all di-
mensions that may form the PPA cube. For the time being, some PPA cube is as-
sumed to exist, in order that we may proceed to the discussion of the HOLAP engine.

The HOLAP engine has two major components: the query processor and an access
method that is based on a B-tree. The query processor is to decompose a query into a
number of queries, or sub-queries, whose answers are readily retrievable from the
PPA cube. The contents of the cells in the PPA cube are organized into a disk-based
B-tree. Query decomposition is covered in Section 3. For the rest of this section, we
are concerned with the B-tree, or more broadly, the data storage and retrieval issues.

We adopt an addressing scheme such that all possible cells in the full cube are
visualized as a linear array. Let D, be the total number of primary and group members
for dimension i. The dimensions are so named such that D, <= D,_, for O<=1i <=k-1.
Thus there are all together Dy*...*D, _; cells in the cube. The address of a cell is the
offset from the top of the linear array, and is called the key. For simplicity, all mem-
bers of each dimension, say dimension i, are mapped, on 1-to-1 basis, into a range of
integers, {0, 1, ..., D-1}. Given the coordinates of a cell, we can now turn them into
integers, say, (vq, ..., Vy;). The key of this k-dimensional cell is then equal to
vo*D*. EDy | + vi*Dy* Dy + ..+ v . Conversely, given the key, the coordi-
nates also may be computed. With this addressing scheme, a cube is actually a set of
records, in the form of <key, measure>, where measure is non-zero. Empty cells are
not stored. A B-tree is built, with these records stored in the leaf nodes. To retrieve
the measure in a cell, its coordinates are first converted into a key, and then locate its
measure from the B-tree.
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3 Query Decomposition

A query is submitted to the HOLAP engine as a tuple T (t, ..., t,) where t,, 1<=i<=k,

is the coordinate of the cell in the ith dimension. The terms of query and cell are used
interchangeably in this paper. A descendant of a tuple T(t;, ..., t,) is another tuple

T°(t,’, ..., t,”) such that each t; is a descendant of t; in the ith dimension hierarchy. T

is an immediate child of T, if their components are identical except for one dimension,
say i, such that t.” is an immediate child (i.e. the closest descendant) of t,. There could

be as many immediate children of T as there are dimensions. In particular, T’ is the
immediate child of T along the dimension i.

We define the measure of an aggregate tuple T to be a non-holistic aggregate func-
tion ([GBLP96]) of all measures of tuples which are collectively represented by the
aggregate tuple. This measure is recursively defined as follows. If the immediate
children of T are primary members, the measure of T is a function of measures of all
these immediate children. If the immediate children of T are group members, the
measure of T is a function of measures of all its immediate children of T along any
one single dimension.

The following result, which follows from the above definition, and is proved in
[LukO1], offers an alternative way to compute the measure of a tuple.

Lemma 1: The measure of T is an aggregate function of measures of all primary
members that are also descendants of T.

The primary tuple set (pts) of T is defined to be the set of all primary tuples that
are descendant of T. To compute the answer to T, one needs to access all cells that are
associated with the tuples in pts(T), retrieve their measures and then compute the
aggregation function. There is a straightforward method to locate this set of tuples.
Let us define a primary member set (or pms, in short) of a group member G in a di-
mension hierarchy as the set of primary members that are descendants of G. For the
tuple T above, we can easily show that the set of tuples, which is the Cartesian prod-
uct of the primary member sets of each component of T, i.e. pms(t;) x pms(t,) X...X

pms(t,), is a superset of pts(T). It is a superset because many of the tuples included in

the Cartesian product simply do not exist. Nonetheless, assuming no prior knowledge
of the cube, these non-existent tuples must be generated, and attempts must be made
to access their cells.

We define the query cost for T as the number of tuples that must be accessed for
the computation of its answer. In the case of zero pre-aggregation, the cost of process
aquery T (t;, ..., t) is [pms(t)|*...*|pms(t, )|. With pre-aggregated cells in the PPA,
our query processing strategy is to decompose a given query Q into a set of queries,
whose answers are stored in the PPA cube. The query cost of Q is the cardinality of
this set. For the rest of this section, we will describe a process which will give the
lowest query cost for any Q.

Consider an arbitrary dimension hierarchy, say DH. Let m be an arbitrary member
in the hierarchy. Let S be the set of all members in the PPA cube belonging to the
dimension. A cover for m is defined to be a set of members in DH, e.g. {p,, ..., p;}
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such that (i) every member in the set is a member of S, (ii) every member is a descen-
dant of m in DH, and (iii) pms(m) = pms(p,) U ... U pms(p,).

Note that every member m in DH has at least one cover, i.e. the set of primary
members in DH, which are also descendants of m. A mincover of m, given S, min-
cover(m, S), is defined to be a cover with the smallest cardinality. The following algo-
rithm computes the mincover C, which is initially null. We assume that m is not in S,
because otherwise m itself is the mincover.

Algorithm I (FindMincover)
FOR each primary member of m, say r,
1. Locate all members on the path between m and r in the dimension hierarchy
Let p be the closet member on the path to m that is pre-aggregated (which
could be r itself)
3. IF pis not already in C THEN include p into C
END

Lemma 2: The set C derived from Algorithm 1 is a cover of m and has the smallest
cardinality among all covers of m, i.e. C = mincover(m, S).
Proof: see [Li03].

Consider now a query Q (q;, ..., q). Let S, 1<i <k, be the set of members on the

ith dimension hierarchy of the PPA cube. This query will be decomposed into a set of
pre-aggregated queries, according to the mincover of each coordinate. In particular,
this is an optimal decomposition, as the following Lemma shows.

Lemma 3: The Cartesian product: mincover(q,, S;) X mincover(q,, S,) X...x min-
cover(q,, S,) is the smallest set of sub-queries that must be processed in order to de-

rive the answer for Q.
Proof: see [Li03].

To conclude this Section, we have shown that if we are given a PPA cube, we can
produce a query decomposition plan that will guarantee the lowest query cost. The
processing overhead in produce this plan is minimal, if mincover(g;, S;) for every i,

1<i <k, have been pre-computed before query time, although I/O may be involved in
retrieving the pre-computed mincovers.

4 Construction of PPA Cube

We construct a PPA cube as follows. We begin with a base cube, and select members
from all k dimension hierarchies for inclusion into the PPA Cube, one at a time, until
the estimated size of PPA Cube reaches a pre-determined threshold. Then the PPA
Cube is computed, using any of the many published algorithms ([LukO1], [BR99]).
For the rest of this Section, we describe the member selection process using the
‘greedy’ approach.

The Greedy Algorithm looks for a member that would give maximum benefit per
unit of storage, among all remaining yet-to-be-selected members. Our job here is to
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compute the benefit that the selection of a certain member would bring, and the
amount of storage the pre-aggregation would take up. The benefit due to inclusion of
a new member in the PPA Cube is the reduction of the total query cost for all queries.
This may seem to be a lot of work involved to calculate the benefit at each step of the
Greedy Algorithm. Fortunately, it is not as difficult as it seems.

We denote Total-QC(S,, ..., S,) as the total query cost for the PPA cube where S;,

1<i <k, is the set of members for the ith dimension of the cube. Let M(m,, ..., m,) be
an arbitrary tuple in the full cube. By Algorithm 1, we compute mincover(m, S;), I1<i
<k, the mincover of m, in the ith dimension hierarchy with S, as the set of pre-
aggregated members. Then,

(1) Total-QC(S,, ..., S,) = X ... X|mincover(m,, S,)|*...*|mincover(m,, S,)|
= Y(lmincover(m,, S,)[*...* ¥|mincover(m,, S,)|)
= Dim-QC(S,) * ... * Dim-QC(S,)

where each summation ranges over all members in a dimension hierarchy, and Dim-
QC(S;), 1= 1 =k, as the sum total of all mincover cardinalities in the dimension i, is
the ith component of the total query cost.

Suppose now a new member p is to be added to S;, so that S;” = p U S.. The bene-
fit, which is dependent on p, and (S, ..., S,), can be computed as follows: To com-
pute Total-QC(S,, ...S;’, ..., S,), we need only compute Dim-QC(S;’).

2) Benefit(p, S, ..., S})
= Total-QC(S,, ..., S;, ..., S)) - Total-QC(S,, ..., S, ..., S))
= (Dim-QC(S;) - Dim-QC(S;))*(Dim-QC(S)* ...*Dim-QC(S, ))*Dim-
QC(S,, D*...*Dim-QC(S,))

By (2), we now know that the benefit of choosing a member p for inclusion into
the PPA cube can be calculated by re-computing the mincovers of the members in the
same dimension hierarchy. Specifically, we need only re-compute those mincovers
which may be affected if p is made a pre-aggregate member.

In general, we may compute the benefit per unit storage if a member p is made an
aggregated member, as follows. We assume, without loss of generality, that p is
member of ith dimension hierarchy, where S, is the current set of all aggregated mem-

bers. Let S;” =p U S,. Then, from (2),

3) Benefit(p, S, ..., S))
= (n*(Jmincover(p, S)| - 1))*
(DIM-QC(S,)* ....*Dim-QC(S,_)*Dim-QC(S., )*...*Dim-QC(S,))

where 7 is the number of ancestors of p in the ith dimension hierarchy between p and
the closest ancestor of p that is already a pre-aggregated member. Next, we will com-
pute the extra storage that may be incurred by the inclusion of p to the PPA cube. This
may be estimated using the method described in [SDNR96].
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We will now describe the Greedy Algorithm. Initially, the base cube as the input
database, i.e. each side of the PPA Cube, S; contains only primary members of the

dimension.

Algorithm 2 (Greedy Algorithm)
Repeat
1. Find m, l1<=i<=k, in ith dimension hierarchy, m, not being in S, such that

Benefit(m,, S,, ..., S,) per unit storage is the largest (see benefit calculation
in Equation (3));

Choose m, such that Benefit(m;, S, ..., S,) per unit storage is the largest
S;=m; US,;

Update the storage size of PPA Cube;
Update the mincovers of all ancestors of m, in the ith hierarchy;

nk LN

Until the size of the PPA cube is larger than a pre-set limit.

5 [Experimental Results

Our experiments are performed on an Intel Pentium IV machine running Windows
2000. The machine has a physical memory of 1.5G bytes.

We use a synthetic and a real-life dataset for experiments. We will discuss first the
experimental results with the synthetic dataset. It has 5 dimensions with identical 6-
level dimension hierarchy. Beginning from the top of the hierarchy, the 6 levels of a
hierarchy have in total 1, 2, 5, 25, 50, and 100 members at each respective level.
Thus, each dimension has 83 group members and 100 primary members. (The same
dimension hierarchy is used for experiments in [SDN98].) The base cube has 100,000
non-empty cells, which is expanded into the full cube, by including about
365,000,000 non-empty aggregate cells.

The Pre-Aggregation Ratio is the estimated size of the PPA cube relative to esti-
mated size of the full cube. We implement the Greedy Algorithm, and the Random
Algorithm for construction of PPA cubes, given a pre-set value of the Pre-
Aggregation Ratio. The Random Algorithm, which is to select members randomly, is
implemented for comparison purposes.

In the query processing phase, sets of 10,000 queries are posed to the HOLAP en-
gine. The queries are cells randomly selected from the full cube, our query workload.
The response time for answering a query is the total of two time components: (i) the
query decomposition time, and (ii) the time to retrieve from the PPA cube the aggre-
gated values for all sub-queries. The first component includes time to locate the rele-
vant pre-computed mincovers, and compute the final query result. The second com-
ponent is mostly the total response time for all sub-queries, which is roughly
proportional to the query cost, i.e., the number of sub-queries resulted from query
composition. The query response time for each query is so short that we opt for meas-
uring the query response time of the whole query set, instead of individual queries.
All 10,000 queries in a query set will have the same query complexity, i.e. a pre-
determined number of group members in a query (out of 5).

Our experiments are designed to examine the feasibility of the scheme proposed in
this paper. We will first show the efficiency of the query decomposition strategy. As
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Table 1 shows, the relative query decomposition time is significant (12.3% - 34.3%),
but not high. This is due to mostly the I/O cost in fetching the mincovers from disk,
since every experiment has a “cold” start — initially, nothing relevant in the system
buffer. As pre-aggregation ratio increases, this relative query decomposition time
increases, indicating that the response time for each sub-query decreases. The oppo-
site happens in case of query complexity. As the query complexity increases, the
relative query decomposition time decreases, indicating that the response time for
each sub-query increases.

Table 1. The Query Decomposition Time as a Percentage of Query Response Time (Synthetic
Dataset)

Query Complexity Pre-Aggregation Pre-Aggregation
(# of group members in a query) Ratio 10% Ratio 15%
1 27.1% 34.3%
3 23.6% 29.4%
5 12.3% 20.2%

The next set of experiments is designed to answer the following question quantita-
tively: How well does the whole idea of Partial Pre-aggregation work? The data in
Table 2 show that it clearly works well. If no pre-aggregation is performed, or equiva-
lently, the answers for the query set are computed directly from the base cube, the
system could be close to 300 times slower than if a good partial pre-aggregation
scheme is adopted. Table 2 also sheds some light on the final question: how good is
the Greedy algorithm? It shows that Greedy consistently beats Random, and the per-
formance gap widens as the query complexity increases.

Table 2. Query Response Time in (ms) by Algorithms — Pre-Aggregation Ratio 10% (Synthetic
Dataset)

Query Com- No Pre- Greedy Random
plexity Aggregation
1 112 44 61
3 1708 109 188
5 65166 223 1039

We repeat roughly the same set of experiments with a real-life dataset, on SFU en-
rolment. The 5-dimensional dataset, with 2 measures, has about 20,000 records. De-
spite the significant differences between the datasets, the results are very similar. A
detailed account of the experiments with this dataset and associated results can be
found in [Li03].

6 Conclusion

After much debate on MOLAP vs. ROLAP, the database industry has settled on the
hybrid of the two, HOLAP. Despite its name, it actually features two engines: a
HOLAP engine to directly support an array-style query interface, e.g. a spreadsheet,
and an expanded SQL that facilitates OLAP applications running on the RDBMS.
This paper addresses the question of how to support efficiently array-style query in-
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terface with a partial pre-aggregation scheme. From this preliminary study, we may
conclude that partial pre-aggregation for array-style query interfaces is feasible, and
could significantly accelerate query response time. This study also highlights the
importance of an efficient query processing strategy, which will generate a good
query compilation plan. We demonstrate that an efficient and effective query process-
ing strategy is indeed possible if we decide in advance how the pre-aggregated cells
may be organized. We show in this paper that one effective organization of pre-
aggregated cells is to pack them as a sub-cube, i.e. a PPA (partially pre-aggregated)
cube.

We note that the query workload consists of range queries, which are defined by
the users as they define dimension hierarchies. Ad-hoc range queries can be decom-
posed into a number of these range queries. Generally speaking, if the number of
these decomposed queries is very large, the response time may be too long. But we
are encouraged by what we saw in our experiments the tremendous speedup in query
execution even for large query sets. One of the future research directions is to study
the extent to which the HOLAP engine, as presented here, would support the ad-hoc
range queries vis-a-vis the ROLAP engine.
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Abstract. On-Line Analytical Processing (OLAP) systems based on multidi-
mensional databases are essential elements of decision support. However, most
existing data is stored in “ordinary” relational OLTP databases, i.e., data has to
be (re-) modeled as multidimensional cubes before the advantages of OLAP tools
are available.

In this paper we present an approach for the automatic construction of multi-
dimensional OLAP database schemas from existing relational OLTP databases,
enabling easy OLAP design and analysis for most existing data sources. This is
achieved through a set of practical and effective algorithms for discovering multi-
dimensional schemas from relational databases. The algorithms take a wide range
of available metadata into account in the discovery process, including functional
and inclusion dependencies, and key and cardinality information.

1 Introduction

A prerequisite for using OLAP tools is that structures in the database are expressed in
the multidimensional paradigm. Defining the structural aspects of a multidimensional
database is an expert task, demanding knowledge of logical database design. Moti-
vated by the increasing use of OLAP tools for analyzing business data and because
existing OLAP design methods are not suited for non-professionals, this paper pro-
pose an automatic approach for discovering multidimensional structure from relational
databases, thereby easing the process of designing a multidimensional database. This
is achieved by developing practical methods for automatically discovering multidimen-
sional schemas from relational databases. The discovery of OLAP structure falls into
four general steps: (1) metadata is obtained from the data source and is (2) annotated
with data, which divides the attributes into three OLAP data categories. Next, (3) inter-
relationships among tables are discovered and from these relationships dimensions are
constructed. Finally, (4) hierarchies are discovered in each dimension.

We believe this paper to be the first to address the issue of automatic construction
of multidimensional structure from existing relational databases. In [1, 5] it is described
how to semi-automatically discover a multidimensional conceptual schema from an
XML data source, which is easier than discovering it from relational data, because the
hierarchical XML structure can often be used directly as a hierarchically organized
dimension. In [11], techniques for discovering an OLAP cube based on a priori speci-
fication of queries written by the user is presented, such that the cube contains the data

Y. Kambayashi et al. (Eds.): DaWaK 2004, LNCS 3181, pp. 138-148, 2004.
(© Springer-Verlag Berlin Heidelberg 2004
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(and only the data) needed to answer all queries. In comparison, our approach requires
no a priori knowledge and we instead discovers a more general structure. In [13], an
approach for automatically discovering a conceptual data warehouse schema from an
OLTP schema is presented, where the focus is on conceptual correctness, archived by
generating several candidate ME/R [13] schemes and evaluating them against user re-
quirements. Our focus is on logical correctness and conceptual correctness is only a
secondary goal. Moreover, our approach demands no knowledge of user requirements.
The approach taken in this paper uses among other things functional- and inclusion
dependencies (FDs and INDs) in the data source to discover multidimensional struc-
ture. In [3,7,9, 10, 12] algorithms for inferring all such constraints are described, but as
our focus is on OLAP, more efficient algorithms are constructed by only inferring con-
straints interesting w.r.t. OLAP. A prototype using the approach described in this paper
has been implemented in Borland Delphi 6 and initial experiments shows promising
results.

The remainder of this paper is organized as follows. Section 2 gives an overview of
the process of discovering multidimensional structure automatically. Section 3 defines
a model capturing the content of a source database. Section 4 presents algorithms for
discovering inter-relationships among entities and Section 5 presents algorithms for
constructing a complete multidimensional schema. Section 6 summarizes and points to
topics for future research.

2 Process Overview

Our aim is to automatically discover multidimensional structure in relational data and
present the structure as a snowflake schema [8]. The techniques are to be used prior to
(or instead of) the multidimensional modeling performed in a modeling tool, thereby
making the process of deducing multidimensional meaning from a database easier.

Informally, a snowflake schema is a Meta-
. Queries data
rooted tree of tables where the root is termed Metadata
a fact table. The fact table contains a num-
. Metadata
ber of measures which can be aggregated.
Each subtree of the root is termed a dimen- Multidim. | Integrity
otation ».,,_‘Constramts
sion and each path from root to leaf in a di- ] B
A . R . Anno‘lalcd
mension is termed a hierarchy. Each hierar- v =
chy contains one or more levels, where level L Schema H
. . . . Sty
i + 1 is a higher level of abstraction of the yei—
data at level ¢ [5]. For the OLAP user, the hi- metadata

erarchies describe the basic navigation con-
structs for drill-down and roll-up operations.

The process of discovering multidimensional structure is performed in four steps
depicted in Fig. 1: First, the “Metadata Obtainer” collects metadata, such as table and
attribute names, cardinality of attributes, etc. Second, the “Multidimensional Annota-
tion” annotates the metadata with information w.r.t. OLAP; in this paper, data is divided
into three categories termed the role of the attribute: keys (used for joining tables),
measures (used for aggregation), and descriptive data (characterizing the data in some
way, i.e., dimension data). The component “Integrity Constraints” discovers FDs and

Fig. 1. System architecture
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INDs between attributes and tables and the “Schema Generator” constructs a complete
snowflake schema. Finally, the snowflake schema is stored in the metadata repository
“Metadata Store”.

Our working hypothesis is threefold: (1) the database does not contain composite
keys, (2) the name of a foreign key should resemble the name of the primary key/table
it references, and (3) each table in the database only participates in one dimension.
Arguments for our working hypothesis will be given later in the paper.

3 Metadata Model

In the following a metadata model is presented giving a precise description of the meta-
data associated with structures in the data source. The model consists of the following
sets: Metadata = {(table, attribute, type, null, unique, primary_key, ForeignKey, index,
cardinality, distincts, frequency, Role)}; Tables = {t | t is a user-defined table}; Az-
tributes = {a | a is an attribute from a table}; Types = {t | t is an SQL type }; ForeignKey
= {(table, pk)}; Roles = {key, measure, descriptive}; Role = {(role, confidence) | role €
Roles N\ 0 < confidence < 1}.

Metadata contains 12-tuples for each attribute in the data source: table is a name
identifying the table, attribute is a name identifying the attribute and rype states the
type of the attribute. null, unique, and primary_key are booleans identifying whether
or not NULL values are allowed, if the attribute is declared unique, and if the attribute
has a primary key constraint. ForeignKey is a set stating which attribute in which table
explicitly is referenced by attribute. The element index is a boolean stating whether
or not the attribute has any index declarations and cardinality, distincts, and frequency
describes the number of tuples in table, the number of distinct values for attribute,
and the number of tuples satisfying an equality predicate on attribute. The sets Tables
and Attributes describes all the names of tables defined in the data source by a user
and all names of attributes in the tables. Each attribute has a type and the set Types
consists of all the data types defined by the SQL standard. Roles is a set consisting of
the three types of roles characterizing the attributes w.r.t. OLAP. The set Role contains
two-tuples describing the confidence of an attributes role and always contains exactly
three elements; one element for each type of role. Common for all Role sets is that they
define a probability distribution. Initially, the set Role for each attribute contains (key,
1/3), (measure, 1/3), and (descriptive, 1/3), indicating that nothing is known about the
role of the attribute.

Multidimensional Annotation. When

metadata is obtained, each attribute is @ 0 0 @
annotated with multidimensional infor-

mation. The roles for each attribute o

are determined using a Bayesian net-

work [6] (depicted in Fig. 2) consist- @ @ @ @
ing of eight information variables (IVs)

(representing the way each attribute is Fig. 2. Bayesian network
measured) and one hypothesis variable

(HV) which contains the states “Key”, “Measure”, “Descriptive” corresponding to the
three types of roles. I'Vs are directly connected to the HV (“Role”) and are not related in
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any way indicating that nothing can be said about the causal relations between the ways
attributes are measured. Causal relations between IVs are unimportant here, because
hard evidence is always given for each variable. Associated with each IV is an a priori
probability distribution, i.e., one exist for attribute name, one for type, etc. See [4] for
details.

Due to the simple structure of the network, the probabilities are effectively calcu-
lated as: P(Role | V) =( i‘;ll Vilkey] ; Z'}Ql Vi|measure] ; Z'}Ql V|descriptive]) /x
[6], where V is a set of all IVs and V; denotes the i’th IV with V;[stare] being the
probability of V; being in state state.

4 Discovering Database Structure

FDs and INDs [7] are useful integrity constraints w.r.t. OLAP, as they represent many-
to-one relationships, where FDs are used for determining key attributes within one table
and INDs are used to interrelate tables. In this paper, INDs and FDs are used to deter-
mine dimensions and hierarchies in the snowflake schema.

FDs and INDs are deduced from the the data instance, i.e., it is not possible to dis-
tinguish integrity constraints holding on the schema from integrity constraints satisfying
the schema [14]. In this paper no distinction is made; if an integrity constraint is found
in the data instance, it is assumed to hold. It is furthermore assumed that keys are not
composite, which is a valid assumption due to the use of surrogate keys in real-world
databases [14]. In the following it is described how candidate keys (CKs, a special case
of FDs [14]) and foreign keys (FKs) are discovered and how this information is used to
discover INDs.

Discovering CKs. CKs assist in acqu