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Preface

In the last years, research on Web mining has reached maturity and has broadened in
scope. Two different but interrelated research threads have emerged, based on the dual
nature of the Web:

— The Web is a practically infinite collection of documents: The acquisition and ex-
ploitation of information from these documents asks for intelligent techniques for
information categorization, extraction and search, as well as for adaptivity to the
interests and background of the organization or person that looks for information.

— The Web is a venue for doing business electronically: It is a venue for interaction,
information acquisition and service exploitation used by public authorities, non-
governmental organizations, communities of interest and private persons. When
observed as a venue for the achievement of business goals, a Web presence should
be aligned to the objectives of its owner and the requirements of its users. This
raises the demand for understanding Web usage, combining it with other sources of
knowledge inside an organization, and deriving lines of action.

The birth of the Semantic Web at the beginning of the decade led to a coercion of the two
threads in two aspects: (i) the extraction of semantics from the Web to build the Semantic
Web; and (ii) the exploitation of these semantics to better support information acquisition
and to enhance the interaction for business and non-business purposes. Semantic Web
mining encompasses both aspects from the viewpoint of knowledge discovery.

The Web Mining Forum initiative is motivated by the insight thatknowledge discovery
on the Web from the viewpoint of hyperarchive analysis and from the viewpoint of
interaction among persons and institutions are complementary, both for the familiar,
conventional Web and for the Semantic Web. The Web Mining Forum was launched in
September 2002 as an initiative of the KDNet Network of Excellence !. It encompasses
an information portal and discussion forum for researchers who specialize in data mining
on data from and on data about the Web/Semantic Web and its usage. In its function
as an information portal, it focusses on the announcement of events associated with
knowledge discovery and the Web, on the collection of datasets for the evaluation of Web
mining algorithms and on the specification of a common terminology. In its function as
a discussion forum, it initiated the “European Web Mining Forum” Workshop (EWMF
2003) during the ECML/PKDD conference in Cavtat, Croatia.

EWMF 2003 was the follow-up workshop of the Semantic Web Mining workshop
that took place during ECML/PKDD 2002, and also built upon the tradition of the
WEBKDD workshop series that has taken place during the ACM SIGKDD conference
since 1999.

The EWMF 2003 workshop hosted eight regular papers and two invited talks, by
Sarabjot Sing Anand (University of Ulster) and by Rayid Ghani (Accenture). The pre-
sentations were organized into four sessions followed by a plenary discussion. Following
the well-accepted tradition of the WEBKDD series, a postworkshop proceedings volume
was prepared. It consists of extended versions of six of the papers and is further extended

! Funded by the EU 5th Framework Programme under grant IST-2001-33086



VI Preface

by four invited papers and a roadmap describing our vision of the future of Semantic
Web mining.

The role of semantic information in improving personalized recommendations is
discussed by Mobasher et al. in [7]: They elaborate on collaborative filtering and stress
the importance of item-based recommendations in dealing with scalability and sparsity
problems. Semantic information on the items, extracted with the help of domain-specific
ontologies, is combined with user-item mappings and serves as basis for the formulation
of recommendations, thus increasing prediction accuracy and demonstrating robustness
over sparse data. Approaches for the extraction of semantic information appear in [4,
6,9]. Rayiv Ghani elaborates on the extraction of semantics features from product de-
scriptions with text mining techniques, with the goal of enriching the (Web) transaction
data [4]. The method has been implemented in a system for personalized product rec-
ommendations but is also appropriate for further applications like store profiling and
demand forecasting. Mladenic and Grobelnik discuss the automated mapping of Web
pages onto an ontology with the help of document classification techniques [6]. They
focus on skewed distributions and propose a solution on the basis of multiple inde-
pendent classifiers that predict the probability with which a document belongs to each
class. Sigletos et al. study the extraction of information from multiple Web sites and the
disambiguation of extracted facts [9] by combining the induction of wrappers and the
discovery of named entities.

Personalization through recommendation mechanisms is the subject of several con-
tributions. While the emphasis of [7] is on individual users, [8] elaborates on user com-
munities. In the paper of Pierrakos et al., community models are built on the basis of
usage data and of a concept hierarchy derived through content-based clustering of the
documents in the collection [8]. The induction of user models is also studied by Esposito
et al. in [3]: The emphasis of their work is on the evaluation of two user profiling meth-
ods in terms of classification accuracy and performance. Evaluation is also addressed by
van Someren et al., who concentrate on recommendation strategies [10]: They observe
that current systems optimize the quality of single recommendations and argue that this
strategy is suboptimal with respect to the ultimate goal of finding the desired information
in a minimal number of steps.

Evaluation from the viewpoint of deploying Web mining results is studied by Anand
et al. in [1]. They elaborate on modelling and measuring the effectiveness of the in-
teraction between business venues and the visitors of their Web sites and propose the
development of scenaria, on the basis of which effectiveness should be evaluated. Ar-
chitectures for the knowledge discovery, evaluation and deployment are described in
[1] and [5]. While Anand et al. focus on scenario-based deployment [1], Menasalvas et
al. stress the existence of multiple viewpoints and goals of deployment and propose a
method for assessing the value of a session for each viewpoint [5]. Finally, the paper
of Baron and Spiliopoulou elaborates on one of the effects of deployment, the change
in the patterns derived during knowledge discovery [2]: The authors model patterns as
temporal objects and propose a method for the detection of changes in the statistics of
association rules over a Web-server log.
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1 Introduction

The purpose of Web mining is to develop methods and systems for discovering models
of objects and processes on the World Wide Web and for web-based systems that show
adaptive performance. Web Mining integrates three parent areas: Data Mining (we use
this term here also for the closely related areas of Machine Learning and Knowledge
Discovery), Internet technology and World Wide Web, and for the more recent Semantic
Web. The World Wide Web has made an enormous amount of information electronically
accessible. The use of email, news and markup languages like HTML allow users to pub-
lish and read documents at a world-wide scale and to communicate via chat connections,
including information in the form of images and voice records. The HTTP protocol that
enables access to documents over the network via Web browsers created an immense
improvement in communication and access to information. For some years these possi-
bilities were used mostly in the scientific world but recent years have seen an immense
growth in popularity, supported by the wide availability of computers and broadband
communication. The use of the internet for other tasks than finding information and
direct communication is increasing, as can be seen from the interest in “e-activities”
such as e-commerce, e-learning, e-government, e-science.

Independently of the development of the Internet, Data Mining expanded out of the
academic world into industry. Methods and their potential became known outside the
academic world and commercial toolkits became available that allowed applications at
an industrial scale. Numerous industrial applications have shown that models can be
constructed from data for a wide variety of industrial problems (e.g. [[112]).

The World-Wide Web is an interesting area for Data Mining because huge amounts of
information are available. Data Mining methods can be used to analyse the behaviour of
individual users, access patterns of pages or sites, properties of collections of documents.
Almost all standard data mining methods are designed for data that are organised as
multiple “cases" that are comparable and can be viewed as instances of a single pattern,

B. Berendt et al. (Eds.): EWMF 2003, LNAI 3209, pp. 122, 2004.
(© Springer-Verlag Berlin Heidelberg 2004



2 B. Berendt et al.

for example patients described by a fixed set of symptoms and diseases, applicants for
loans, customers of a shop. A “case” is typically described by a fixed set of features (or
variables). Data on the Web have a different nature. They are not so easily comparable
and have the form of free text, semi-structured text (lists, tables) often with images and
hyperlinks, or server logs. The aim to learn models of documents has given rise to the
interest in Text Mining [3]: methods for modelling documents in terms of properties of
documents. Learning from the hyperlink structure has given rise to graph-based methods,
and server logs are used to learn about user behavior.

The Semantic Web is a recent initiative, inspired by Tim Berners-Lee [4], to take the
World-Wide Web much further and develop in into a distributed system for knowledge
representation and computing. The aim of the Semantic Web is to not only support access
to information “on the Web” by direct links or by search engines but also to support its
use. Instead of searching for a document that matches keywords, it should be possible to
combine information to answer questions. Instead of retrieving a plan for a trip to Hawaii,
it should be possible to automatically construct a travel plan that satisfies certain goals and
uses opportunities that arise dynamically. This gives rise to a wide range of challenges.
Some of them concern the infrastructure, including the interoperability of systems and
the languages for the exchange of information rather than data. Many challenges are
in the are of knowledge representation, discovery and engineering. They include the
extraction of knowledge from data and its representation in a form understandable by
arbitrary parties, the intelligent questioning and the delivery of answers to problems as
opposed to conventional queries and the exploitation of formerly extracted knowledge
in this process. The ambition of representing content in a way that can be understood and
consumed by an arbitrary reader leads to issues in which cognitive sciences and even
philosophy are involved, such as the understanding of an asset’s intended meaning.

The Semantic Web proposes several additional innovative ideas to achieve this:

Standardised format. The Semantic Web proposes standards for uniform metalevel
description language for representation formats. Besides acting as a basis for exchange,
this language supports representation of knowledge at multiple levels. For example, text
can be annotated with a formal representation of it. The natural language sentence “Am-
sterdam is the capital of the Netherlands”, for instance, can be annotated such that the
annotation formalises knowledge that is implicit in the sentence, e.g. Amsterdam can
be annotated as “city”, Netherlands as “country” and the sentence with the structured
“capital-of(Amsterdam, Netherlands)”. Annotating textual documents (and also images
and possibly audio and video) thus enables a combination of textual and formal repre-
sentations of knowledge. A small step further is to store the annotated text items in a
structured database or knowledge base.

Standardised vocabulary and knowledge. The Semantic Web encourages and fa-
cilitates the formulation of shared vocabularies and shared knowledge in the form of
ontologies: if knowledge about university courses is to be represented and shared, it
is useful to define and use a common vocabulary and common basic knowledge. The
Semantic Web aims to collect this in the form of ontologies and make them available
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for modelling new domains and activities. This means that a large amount of knowledge
will be structured, formalised and represented to enable automated access and use.

Shared services. To realise the full Semantic Web, beside static structures also “Web
services” are foreseen. Services mediate between requests and applications and make it
possible to automatically invoke applications that run on different systems.

In this chapter, we concentrate on one thread of challenges associated with the
Semantic Web, those that can be addressed with knowledge discovery techniques, putting
the emphasis on the transition from Web Mining to mining the Semantic Web and on the
role of ontologies and information extraction for this transition. Section ] summarises
the more technical aspects of the Semantic Web, in particular the main representation
languages, sectionBlsummarises basic concepts from Data Mining, section[]reviews the
main developments in the application of Data Mining to the World Wide Web, section
Blextends this to the combination of Data Mining and the Semantic Web and section[6]
reviews developments that are expected in the near future and issues for research and
development. Each section has the character of a summary and includes references to
more detailed discussions and explanations. This chapter summarises and extends [5],
6]l and [7]].

2 Languages for the Semantic Web

The Semantic Web requires a language in which information can be represented. This
language should support (a) knowledge representation and reasoning (including infor-
mation retrieval but ultimately a wide variety of tasks), (b) the description of document
content, (¢) the exchange of the documents and the incorporated knowledge and (d) stan-
dardisation. The first two aspects demand adequate expressiveness. The last two aspects
emphasise that the Semantic Web, like the Web, should be a medium for the exchange
of a wide variety of objects and thus allow for ease-of-use and for agreed-upon pro-
tocols. Naturally enough, the starting point for describing the Semantic Web has been
XML. However, XML has not been designed with the intention to express or exchange
knowledge. In this section, we review three W3C initiatives, XML, RDF(S) and OWL
and their potential for the Semantic Web.

2.1 XML

XML (Extensible mark-up language) was designed as a language for mark-up or annota-
tion of documents. An XML object is a labeled tree and consists of objects with attributes
and values that can themselves be XML objects. Beside annotation for formatting, XML
allows the definition of any kind of annotation, thus opening the way to annotation with
ontologies and to use as data model for arbitrary information. This makes it extensible,
unlike its ancestors like HTML.

XML Schema allows the definition of grammars for valid XML documents, and the
reference to “name spaces”, sets of labels that can be accessed via the internet. XML
can also be used as a scheme for structured databases. The value of an attribute can be
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text but it can also be an element of a limited set or a number. XML is only an abstract
data format.

Furthermore, XML does not include any procedural component. Tools have been
developed for search and retrieval in XML trees. Tools can create formatted output from
formatting annotations but in general any type of operation is possible. When tools are
integrated in the Web and can be called from outside they are called “services”. This
creates a very flexible representation format that can be used to represent information
that is partially structured.

Details about XML can be found in many books, reports and Web pages. In the
context of the Semantic Web, the most important role for XML is that it provides a simple
standard abstract data model that can be used to access both (annotated) documents and
structured data (for example tables) and that it can be used as a representation for
ontologies. However, XML and XML schema were designed to describe the structure
of text documents, like HTML, Word, StarOffice, or If[lEXdocuments. It is possible
to define tags in XML to carry meta data but these tags may not have a well-defined
meaning. XML helps organizing documents by providing a formal syntax for annotation.
Erdmann [8] provides a detailed analysis of the capabilities of XML, the shortcomings of
XML concerning semantics and possible solutions. For Web Mining the standardisation
created by XML simplifies the development of generic systems that learn from data on
the web.

2.2 RDF(S)

The Resource Description Framework (RDF) is, according to the W3C recommenda-
tion [9], “a foundation for processing metadata; it provides interoperability between
applications that exchange machine-understandable information on the Web.”

RDF documents consist of three types of entities: resources, properties, and state-
ments. Resources may be Web pages, parts or collections of Web pages, or any (real-
world) objects which are not directly part of the World-Wide Web. In RDF, resources are
always addressed by URISs, Universal Resource Identifiers, a generalisation of URLSs that
includes services besides locations. Properties are specific attributes, characteristics, or
relations describing resources. A resource together with a property having a value for
that resource form an RDF statement. A value is either a literal, a resource, or another
statement. Statements can thus be considered as object—attribute—value triples.

The data model underlying RDF is basically a directed labeled graph. RDF Schema
defines a simple modeling language on top of RDF which includes classes, is-a rela-
tionships between classes and between properties, and domain/range restrictions for
properties. XML provides the standard syntax for RDF and RDF Schema.

Summarising, RDF and RDF Schema provide base support for the specification of
semantics and use the widespread XML as syntax. However, the expressiveness is lim-
ited, disallowing the specification of facts that one is bound to expect, given the long
tradition of database schema theory. They include the notion of key, as in relational
databases, as well as factual assertions, e.g. stating that each print of this book can be
either hardcover or softcover but not both. The demand for supporting more expressive
semantics and reasoning is addressed in languages like DAML, OIL and the W3C rec-
ommendation OWL described below. More information on RDF(S) can be found on
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the W3C website (www.w3.org) and many books. As with XML, the standardisation
provided by RDF(S) simplifies development and application of Web Mining.

2.3 OWL

Like RDF and RDF Schema, OWL is a W3C recommendation, intended to support more
elaborate semantics. OWL includes elements from description logics and provides many
constructs for the specification of semantics, including conjunction and disjunction,
existentially and universally quantified variables and property inversion. Using these
constructs, a reasoning module can make logical inferences and derive knowledge that
was previously only implicit in the data. Using OWL for the Semantic Web implies that
an application could invoke such a reasoning module and acquire inferred knowledge
rather than simply retrieve data.

However, the expressiveness of OWL comes at a high cost. First, OWL contains
constructs that make it undecidable. Second, reasoning is not efficient. Third, the ex-
pressiveness is achieved by increased complexity, so that ease-of-use and intuitiveness
are no more given. These observations lead to two variations of OWL, OWL DL (stands
for OWL Description Logic) and OWL Lite, which disallow the constructs that make the
original OWL Full undecidable and at the same time aim for more efficient reasoning
and for higher ease-of-use. To this end, OWL DL is more expressive than OWL Lite,
while OWL Lite is even more restricted but easier to understand and to implement.

In terms of standardisation, it should be recalled that RDF and RDF Schema use
XML as their syntax. OWL Full is upward compatible with RDF. This desirable aspect
does not hold for OWL DL and OWL Lite. A legal OWL DL document is also a legal
RDF document but not vice versa. This implies that reasoning and the targeted knowl-
edge extraction are limited to the set of documents supporting OWL DL (resp. OWL
Lite), while other documents, even if RDF Schema, cannot be taken into account in the
reasoning process. For the transition of the Web to the Semantic Web, this is a more
serious caveat than for other environments (e.g. institutional information sources) which
need ontological support. More information on OWL can be found on the W3C website
and many books.

The development of OWL and its application is still in an early stage. If it leads to
the availability of large knowledge bases via the internet, this will increase the relevance
of knowledge-intensive Data Mining methods, that combine data with prior (OWL)
knowledge.

2.4 Ontologies

Beside the formal languages to be used for the Semantic Web there is the ambition to
develop ontologies for general use. There are in practice two types of ontologies. The
first type uses a small number of relations between concepts, usually the subclass relation
and sometimes the part-of relation. Popular and commonly used are ontologies of Web
documents, such as DMoz or Yahoo!, where the documents are hierarchically organized
based on the content. For each content topic, there is an ontology node, with more general
topics placed higher in the hierarchy. For instance, one of the top level topics in DMoz is
“Computers” that has as one of the subtopics “Data Formats. Under it, there is a subtopic
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“Markup Languages” that has “XML” as one of its subtopics. There are several hundred
documents assigned to the node on “XML” or some of its subnodes [ Each Web document
is very briefly described and this description together with the hyperlink to the document
is placed into one or more ontology nodes. For instance, one item in the “XML” node is
a hyperlink to W3C page on XML, http://www.w3.org/XML/, with the associated brief
description: “Extensible Markup Language (XML) - Main page for World Wide Web
Consortium (W3C) XML activity and information”. We can say that here each concept
(topic in this case) in the ontology is described by a set of Web documents and their
corresponding short descriptions with hyperlinks. The only kind of relations that appear
in such ontologies are implicit relations between more specific topic, that is a “subtopic
of”” a more general topic while the more general topic is a “supertopic of” a more specific
topic.

The other kind of ontologies are rich with relations but have a rather limited descrip-
tion of concepts consisting usually of a few words. A well known example of a general,
manually constructed ontology is the semantic network WordNet [[10] with 26 different
relations (e.g., hypernym, synonym). For instance, concepts such as “bird” and “animal”
are connected with the relation “is a kind of”, concepts “bird” and “wing” are connected
with the relation “has part”.

3 Data Mining

Before considering what the Semantic Web means with respect to Data Mining, we
briefly review the main tasks that are studied in Data Mining. Data Mining methods
construct models of data. These models can be used for prediction or explanation of
observations or for adaptive behaviour. Reviews of the main methods can be found in
textbooks such as [11J12[13]]. The main tasks are classification, rule discovery, event
prediction and clustering.

3.1 Classification

Classification methods construct models that assign a class to a new object on the basis of
its description. A wide range of models can be constructed. In this context an important
property of classification methods is the form in which objects are given to the data miner
and the form of the models. Most learning methods take as input object descriptions
in the form of attribute-value pairs where the scales of the variables are nominal or
numerical. One class of methods, relational learning or Inductive Logic Programming,
see for example [[14], takes input in the form of relational structures that describe multiple
objects with relations between them creating general models over structures.
Classification methods vary in the type of model that they construct. Decision tree
learners construct models basically in the form of rules. A condition in a rule is a
constraint on the value of a variable. Usually constraints have the form of identity (e.g.
colour = red) or an interval on a scale (age > 50). The consequent of a rule is a class.
Decision trees have a variable at each node and a partitioning of the values of this

! See http://dmoz.org/Computers/Data_Formats/Markup_Languages/XML/
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variable. Each part of the values is associated with a subtree and the leaves of the tree
are classes. Details on decision tree learning can be found in [[L1]

Bayesian methods construct models that estimate “a posteriori” probablity distri-
butions for possible classes of an object using a form of Bayes Law. Popular models
and methods are Naive Bayes (assuming conditional independence of features within
classes) and Bayesian Belief Networks. More details can be found in e.g. [11]].

A third popular type of method is support vector machines. This is a method for
minimising prediction errors within a particular class of models (the “kernel”). The
method maximises the classification “margin": the distance between the data points of
different classes that are closest to the boundary between the classes. The data points
that are on the “right side” of the boundary and that are closest to the boundary are
called “support vectors". SVM does not literally construct the boundary line (or in more
dimensions, the hyperplane) that separates the classes but this line can be reconstructed
from the support vectors. Implementations and more information are available from the
Web, for example at http://www.kernel-machines.org/.

3.2 Rule Discovery

The paradigm of association rules discovery was first established through the work of
Rakesh Agrawal and his research group, starting with [[15/T6]]. Association rules are
based on the notion of “frequent itemset”, i.e. a set of items occuring together in more
data records than an externally specified frequency threshold. From a frequent itemset,
association rules can be derived by positioning some of the items in the antecedent and
the remaining ones in the consequent, thereby computing the confidence with which the
former imply the latter. A popular algorithm is the Apriori algorithm [17]].

One of the most popular applications for association rules discovery is market basket
analysis, for which sets of products frequently purchased together are identified. In
that context, the association rules indicate which products are likely to give rise to the
purchase of other products, thus delivering the basis for cross-selling and up-selling
activities. In the context of Web Mining, association rule discovery focusses on the
identification of pages that are frequently accessed together but also on the discovery of
frequent sets of application objects (such as products, tourist locations visited together,
course materials etc).

3.3 Clustering

Clustering methods divide a set of objects into subsets, called clusters, such that the
objects in any cluster are similar to those inside it and different from those outside
it. Some methods are hierarchical and construct clusters of clusters. The objects are
described with numerical or nominal variables. Clustering methods vary in the measure
for similarity (within and between clusters), the use of thresholds in constructing clusters,
whether they allow objects to belong to strictly to one cluster or can belong to more
clusters in different degrees and the structure of the algorithm. The resulting cluster
structure is used as a result in itself, for inspection by a user, or to support retrieval of
objects.
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3.4 Sequence Discovery, Sequence Classification, and Event Prediction

In many applications, the data records do not describe sets of items but sequences of
events. This is the case both for the navigation through a Web site and for carrying and
filling a market basket inside a store. There are several Data Mining tasks involved here.

Sequence mining (or sequence discovery) extends the paradigm of association rules
discovery towards the discovery of frequent sequences of events. Unlike conventional
association rules, events are ordered. Hence, a rule emanating from a frequent sequence
expresses the likelihood with which the last event will occur after the sequence of events
in the antecedent. Sequence mining adds several new aspects to the original paradigm,
such as the adjacency of events, the distance between the frequent events being observed
and the sequentialisation of events recorded with different clocks. Methods for sequence
mining are derived from rule discovery methods or from probabilistic models (Hidden
Markov Models). A survey of sequence mining research is incorporated in the literature
overview of [[18].

Rules derived from frequent sequences can be used to predict events from a given
series of observations. Data Mining can be used to find classifiers for frequent sequences.
For example, certain types of sequences correspond to manufacturing errors or network
intrusions. A classifier can be learned to predict which event will occur (immediately)
after the sequence, enabling predictions. An example is page pre-fetching in file servers or
Web servers e.g. [19420]. Just as discovered rules are not optimal for classification, rules
derived from frequent sequences are not automatically appropriate for event prediction.
For example, the frequent sequences “A-B-C-D” and “A-B-C-E” indicate that events D
and E are likely to occur after A, B and C in that order and allow for a quantification
of this likelihood. However, if the goal is to find events, whose appearance leads to E,
the sequence “A-B-C” is not necessarily a good predictor, because this sequence may as
well be followed by the event D. Nonetheless, solutions based on sequence mining have
been devised to assist in prediction of given events as in the early works of [2122].

4 Data Mining and the World Wide Web

In this section we review how the Data Mining methods summarised in section 3] are
used to construct models of objects and events on the World Wide Web and adaptive
Web-based systems. Web Mining can involve the structured data that are used in standard
Data Mining but it derives its own character from the use of data that are available on
the Web. It should be kept in mind that data may be privacy-sensitive and that purpose
limitations may preclude an analysis, in particular one that combines data from different
sources gathered for different purposes.

4.1 Data on the Web

Learning methods construct models from samples of structured data. Most methods are
defined for samples of which each element, each case, is defined as values of a fixed
set of features. If we take documents as cases then a feature-value representation of a
document must be constructed. A standard approache is to take words as features and
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occurrence of a word in a document as value. This requires a tokenising step (in which
the series of basic symbols is divided into tokens - words, numbers, delimiters). Many
documents are annotated with formatting information (often in HTML) that can be kept
or removed. Refinements are the use of word stems, dropping frequent but uninformative
words, merging synonyms, including combinations of words (pairs, triples, or more). In
addition, other features of documents can be used (for example, length, occurrence of
numbers, number of images).

The hyperlinks induce a graph structure on the set of Web pages. This structure has
been used to identify central pages. The Page Rank algorithm [23] (implemented in the
Google search engine) ranks for instance all Web pages based on the number of links
from other important pages. When Google is answering a query, then it presents basically
the answers to the query according to this order. The Hub & Authorities approach [24]]
follows a similar scheme, but differentiates between two types of pages. An authority is
a page which is pointed to from many important hubs, and hubs are pages pointing to
many important authorities.

Which data are recorded in user logs is an issue that has no general answer. . At the
lowest level clicks on menu items and keystrokes can be recorded. At a higher level,
commands, queries, entered text, drawings can be logged. The level of granularity and
selection that is useful depends on the application and the nature of the interaction.
The same is true of the context in which the user action is observed. The context can
be the entire screen, a menu or other. The context can include textual documents. The
content and usage of the Web can be viewed as single units but also as structures.
The content consists of pieces that are connected to other pieces in several ways: by
hyperlinks (possibly with labels), addresses, textual references, shared topics or shared
users. Similarly, users are related by hyperlinks, electronic or postal addresses, shared
documents, pages or sites. These relational data can be subject of Web Mining, modelling
structural patterns, in combination with data about the components.

Web usage mining is characterised by the need of an extensive data preparation.
Web server data are often incomplete, in the sense that important information is missing,
including a unique association between a user and her activities and a complete record
of her activities, in which also the order of retrieving locally cached objects is contained.
Techniques to this end are either proactive, i.e. embedding to the Web server functional-
ities that ensure the recording of all essential data, or reactive, i.e. trying to reconstruct
the missing data a posteriori. An overview of techniques for Web data preparation can
be found in [25]. An evaluation of their performance is reported in [26]].

4.2 Document Classification

Classifying documents is one of the basic tasks in Web Mining. Given a collection of
classified documents (or parts of documents), the task is to construct a classifier that
can classify new documents. Methods that are used for this task include the methods
described in section [3.1] These methods are adapted to data on the Web, in particular
textual documents. Features that are used to represent textual data mainly capture occur-
rences of words (or word stems) and in some cases also occurrence of word sequences.
In the basic approach, all the words that occur in a whole set of documents are included
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in the feature set (usually several thousands of words). The representation of a partic-
ular document contains many zeros, as most of the words from the collection do not
occur in particular document. To handle this, special methods are used (support vector
machines) or relevant features are selected. The set of features is sometimes extended
with, for example, text length, and features defined in terms of HTML tags (e.g. title,
author). Document classification techniques have been developed and applied on dif-
ferent datasets including descriptions of US patents [27], Web documents [27|28]], and
Reuters news articles [29]]. An overview can be found in [30].

A related form is classification of structures of documents instead of single docu-
ments. Information on the Web is often distributed over several linked pages that need
to be classified as a whole. Relational classification methods are appropriate for this.

Applications of document classification are adaptive spam filters where email mes-
sages are labelled as spam or not and the spam filter learns to recognise spam messages
(e.g. [31]]), adaptive automated email routing, where messages are labelled by the per-
son or department that needs to deal with them to enable automated routing, identifying
relevant Web pages or newspaper articles, and assigning documents to categories for
indexing and retrieval.

4.3 Document Clustering

Document clustering [32] means that large numbers of documents are divided into groups
that are similar in content. This is usually an intermediate process for optimising search
or retrieval of documents. The clusters of documents are characterised by documents
features (single keywords or word combinations) and these are exploited to speed up
retrieval or to perform keyword based search. Document clustering is based on any
general data clustering algorithm adopted for text data by representing each document
by a set of features in the same way as for document classification. The similarity of two
documents is commonly measured by the cosine-similarity between the word-vector
representation of the documents. Document clustering is used for collections that are at
a single physical location (for example, the US national library of medicine) but also for
search engines that give access to open collections over the internet. Document clustering
is combined with document classification to enable maintenance: new documents are
added to clusters by classifying them as cluster members. An example of an application
of document clustering is [33]].

4.4 Data Mining for Information Extraction

Information extraction means recognition of information in documents. Usually infor-
mation extraction is combined with document classification: a document is recognised
as a document that contains certain information and we need to find out where it is. A
pattern is matched with the text in the document. If the pattern matches a fragment it
indicates where the target information is. Such patterns can be constructed manually or
learned inductively from documents in which the information is labelled. The patterns
can be strings of symbols but can also include features: linguistic features (e.g. part
of speech, capital letters) or semantic features (e.g. person name, number greater than
1000).
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Although this can be viewed as a form of classification (classify all word sequences
of length up to N as being the sought information or not) the classification models above
are not directly applicable. Documents lack the structure of objects for which learning
methods were originally developed: they may vary in length and it is not obvious what
should be the features of an instance. On the other hand, documents on the Web are often
encoded in HTML which imposes some structure that flat texts do not have.

Standard Data Mining methods must be adapted to the less structured setting of
information extraction and are combined with ideas from grammar induction. Wrapper
induction is the inductive construction of a wrapper, a system that mediates between
what we might call a client and a server. It translates requests from the client into calls
to the server. If we are interested in information from a Web page, the wrapper translates
an information request into the format of the Web page, extracts the information from
the page and sends it to the client. The wrapper exploits the structure of the Web page.
If the Web page is structured as HTML or XML the wrapper can exploit this, otherwise
it has to use patterns in the language, or a combination of the two.

Wrappers and extraction patterns in general can be learned from examples in which
the relevant information is marked. The learner compares patterns around relevant in-
formation with general structure in the text and inductively constructs the wrapper.
Examples of systems that perform this task are RAPIER [34]] and BWI [35]].

An example of an application of information extraction is wrapper maintenance [36].
A wrapper types components of an object or procedure from an external perspective to
interface it with other systems or users. Information extraction patterns can be viewed
as wrappers for documents or Web pages. The layout of documents or certain pages
changes regularly and then wrappers must be revised. This can be done by comparing
pages with the old and the new layout, identifying the components in the new layout and
using this to revise the wrappers.

The use of Data Mining methods for learning extraction patterns and wrappers is
currently a very active area of research. For an overview see [37].

4.5 Usage Mining

Web usage mining is a Web Mining paradigm in which Data Mining techniques are
applied to Web usage data. As for Data Mining in general, the goal can be to construct
a model of users’ behaviour or to directly construct an adaptive system. A potential
advantage of an explicit user model is that it can be used for different purposes where
an adaptive system has a specific function. For modelling user behaviour, usage mining
is combined with other information about users. Many aspects of users can be mod-
elled: their interaction with a system, their interests, their knowledge, their geographical
behaviour and also of course combinations of these. Modelling preferences needs infor-
mation about users preferences for individual objects. This is often problematic because
users are not always prepared to evaluate objects and enter the evaluations. Therefore
other data are used like downloading, buying or time data.

Adaptive systems have the purpose to improve some aspect of the behaviour of
the system. Improvements can be system-oriented, content-oriented (e.g. presenting in-
formation or products that relevant for the user), or business-oriented (e.g. presenting
advertisements that the user is likely to buy, or that the vendor prefers to sell). Another
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dimension is wether the model or adaptation concerns individual users personalisation
or generic system behaviour. An intermediate form is to use usage information obtained
during a session to adapt system behaviour. This can also be combined with personali-
sation.

System-oriented adaptation based on usage mining is aimed at performance optimi-
sation, e.g. for Web servers. This is of paramount importance in large sites that incur a
lot of traffic. One of the factors leading to performance degradation is access to slow
peripherals like disks, from which pages are pre-fetched upon user demand. Hence, it is
of interest to devise intelligent pre-fetching mechanisms that allow for efficient caching.
The problem specification reduces to a next-event prediction, where the next event is a
page fetch request, combined with an appropriate mechanism for refreshing the cash,
e.g. least frequently used or most frequently used. As described in the subsection 3.4]
on event prediction above, the methods of choice here are Hidden Markov Models and,
occasionally, sequence mining.

Personalisation. Although the terminology is not always used consistently, “personali-
sation” usually denotes adaptation to individual users that can be identified by the system
(via a login step). Most systems have simple tools that a user can apply to adapt the in-
terface to his preferences. For example, a user can store his favourite links to web pages.
These are then later easily available when the user logs on to the system. Personalisation
takes this further in two ways: (1) it includes aspects of systems that are less easy to
specify with a few features and (2) the system automatically infers the preferences of the
user and makes adjustments. Personalisation can be system-oriented, business-oriented
or content-oriented and it can include a variety of data about an individual user.
Personalisation can be used for a variety of user tasks. A well-known example is
shopping. The buying record in an electronic shop is used to infer user preferences
of a user and direct advertising. Other applications center around information search.
Examples are personalised newspapers (that include only material that is considered of
interest to the user), personalised Web sites, active information gathering from the web,
highlighting potentially interesting hyperlinks on a requested Web pages [28], query-
expansion (by adding user-specific keywords to a query for a search engine), selection
of TV programmes. Personalisation and recommending can be based on usage data, on
documents that are associated with an individual user or a combination of these two.

System adaptation. Systems can also be adapted to a user community, rather than a
single user, optimising average instead of user specific peformance.

For example, Etzioni et al. propose a clustering algorithm for correlated but not linked
Web pages, allowing for overlapping clusters [38]]; Alvarez et al. extend association rules
discovery to cope with the demands of online recommendations [39]; Mobasher et al
propose two methods for modelling user sessions and corresponding distance functions,
to cluster sessions and derive user and usage profiles [40]]. Finally, dedicated Web usage
mining algorithms are also proposed, focussing mainly on the discovery of Web usage
patterns, as in [41/42]43].

An important subject in Web usage mining concerns the evaluation of adaptive sys-
tems based on Web Mining. Methods for the evaluation of Web sites with respect
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to user friendliness, interactivity and similar user-oriented aspects have been devised
early, building upon the research on hypermedia and upon cognitive sciences [44]]. The
business-oriented perspective leads to other evaluation criteria derived from marketing.

4.6 Modelling Networks of Users

Users do not act in isolation - they are part of various social networks, often defined by
common interests and by phenomena such as opinion leadership and, more generally,
different degrees of influence on one another. An understanding of a user’s surrounding
social network(s) improves the understanding of that user and can therefore contribute
to reaching various Web mining goals. For example, Domingos and Richardson [45] use
a collaborative filtering database to understand the differential influence users have and
propose to use this knowledge for "viral marketing": to preferentially target customers
whose purchasing and recommendation behaviour are likely to have a strong influence
on others. Other data sources include email logs [46] and publicly-available online infor-
mation [47]]. This research combines aspects of Web content mining and Web structure
mining. The latter view closes a circle: link mining has its origins in social network
analysis and is now being applied to analyze the social networks forming on the Web.

S Data Mining for and with the Semantic Web

The standardized data format, the popularity of content-annotated documents and the
ambition of large scale formalization of knowledge of the Semantic Web has two conse-
quences for Web Mining. The first is that more structured information becomes available
to which existing Data Mining methods can be applied with only minor modifications.
The second is the possibility of using formalized knowledge (in the form of concept
hierarchies in RDF but even more in the form of knowledge represented in OWL) in
combination with Web data for Data Mining. The combination of these two gives a form
of closed-loop learning in which knowledge is acquired by Web Mining and then used
again for further learning. We briefly summarise the implications of this for the main
Web Mining tasks.

5.1 Document Classification for and with the Semantic Web

Document classification methods for the Semantic Web are like those for the World-
Wide Web. Besides general features of documents, annotations can be used, as additional
features or to structure features. Knowledge in the form of ontologies can be used to
infer additional information about documents, potentially providing a better basis for
classification. This form of document classification uses classification learning with
background knowledge and feature construction [48]]. Document classes can be added
to the annotation of documents. Classification be applied to predefined segments of
documents.

Issues for current and future research are the use of non-textual data such as images.
Images can be tagged more or less like textual documents (see [49]) giving rise to the
same learning tasks and opening the opportunity for learning about combinations of text
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and images. Future issues are video, voice and sound. From the current state of the art
it is likely that this will be possible in the next five years, enabling a wide range of new
applications such as multimedia communication.

5.2 Document Clustering for and with the Semantic Web

Like document classification, clustering of annotated documents can exploit the anno-
tations and it can infer extra information about documents from ontologies. An example
is [50], where texts are preprocessed by adding semantic categories derived from Word-
net. Evaluation on Reuters newsfeeds shows an improvement of the results by using
background knowledge.

Hierarchical document clusters and the descriptions of these clusters can be viewed
as ontologies based on subconcept relations. In this sense hierachical clustering methods
construct ontologies of documents and then maintain these ontologies [51)7]29] by clas-
sifying new documents in the hierachy. Characterising clusters supports the construction
of ontologies because the description of a cluster reflects relations between concepts,
see [52)53]54].

5.3 Data Mining for Information Extraction with the Semantic Web

Learning to extract information from documents can exploit annotations of document
segments for learning extraction rules - assuming these have been assigned consistently
- and it can benefit from knowledge in ontologies. The other way round, existing ontolo-
gies can support solving different problems including learning of other ontologies and
assigning ontology concepts to text (text annotation). Ontology concepts are assigned
either to whole documents, as in the case of already described ontologies of Web docu-
ments or to some smaller parts of text. In the letter case, researchers have been working
on learning annotation rules from already annotated text. This can bee seen as a kind
of information extraction, where the goal is not to fill in the database slots by extracted
information (see Section E.4) but to assign a label (slot name) to a part of text (see
[55]). As it is non-trivial to obtain already annotated text, some researchers investigate
other techniques, such as natural language processing or clustering to find text units
(eg., groups of nouns, clusters of sentences) and map them upon concepts of the existing
ontology [56].

5.4 Ontology Mapping

Because ontologies are often developed for a specific purpose it is inevitable that similar
ontologies are constructed and unifying these ontologies needs to be done to enable
the use of knowledge from one ontology in combination with knowledge in the other.
This requires the construction of a mapping between the concepts, attributes, values and
relations in the two ontologies, either as a solution or as a step towards a single unified
ontology. Several approaches to this problems are explored by several researchers [57}
58I59160J61167]. One line of attack is to first take information about concepts from
the ontologies and then extract additional information for example from Web pages
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recognised as relevant for each concept. This information can then be used to learn a
classifier for instances of a class. Applying this classifier to instances of concepts in the
other ontology makes it possible to see which other concept (or combination of concepts)
has most in common with the original concept.

5.5 User Modelling, Recommending, Personalisation, and the Semantic Web

The Semantic Web opens up interesting opportunities for usage mining because ontolo-
gies and annotations can provide information about user actions and Web pages in a
standardised form that enables discovery of richer and more informative patterns. Ex-
amples for recommending are the work by Mobasher and by Ghani (both this volume).
The annotations of products that are visited (and bought) by users add information to
customer segments and make it possible to discover the underlying general patterns.
Such patterns can be used, for example, to predict reactions to new products from the
description of the new product. This would not have been possible if only the name,
image and price of the product had been available and mining can be done much more
effectively using a uniform ontology than from documents that describe products.
Applications of usage mining such as usage-based recommending, personalisation
and link analysis will benefit from the use of annotated documents and objects. Only a
few technical problems need to be solved to extend existing methods this. Large scale ap-
plications need larger ontologies that can be maintained and applied semi-automatically.
Designing or automatically generating ontologies for decribing user interests and user
behaviour are more challenging problems that need to be addressed in this context.

5.6 Learning About Services

The construction and design of ontologies for functions of Web services is an area that is
currently topic of active research. As for descriptive concepts, a Web Mining approach
can be applied to this problem. Requests to a service and the reaction of the server can be
collected and learning methods can be applied to, at least for simple cases, reconstruct
the function of the service. An illustration of this approach is shown in [63]. Advances
to practical applications of this approach that are complex enough to make this approach
competitive to manual construction of the service description are still beyond the state of
the art and have to wait for suitable ontologies that can be used as background knowledge
by the learner.

5.7 Infrastructure

In the sections above we reviewed research on Data Mining methods for the Semantic
Web. Techniques and representations developed for the Semantic Web are not only
applied as methods for which systems are developed. Notions from the Semantic Web are
introduced in operating systems for single and distributed systems. These developments
would facilitate the use and development of Web Mining systems and the unification
imposed by system level standards will make it easier to exploit distributed ontologies
and services. In this section we focus on the innovations in the infrastructure for systems
that are based on such methods.
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Current applications of Semantic Web ideas suffer partially from a lack of speed. The
bigger problem is the lack of a large number of ontologies and annotations. Although
access to ontologies and data via the internet is possible, existing applications strongly
rely on local computing. Ontologies, instances, logfiles are imported and kept locally to
achieve enough speed. This will clearly meet its limits when the Semantic Web will be
used at a large scale. Bringing Semantic Web ideas into the lower level of the internet
may allow distributed computing with distributed ontologies, instances and knowledge.
This brings together the Semantic Web and Grid Computing and is pursued under the
name of Semantic Grid.

Another development that will have a great influence in the Semantic Web is that
the successor to the Windows operating system, the Longhorn operating system uses a
version of XML to integrate the datamodel and applications. This is likely to make the
Semantic Web languages known outside the current communities and also it will provide
widely available support for Semantic Web tools. This in turn will create enormous
opportunities for Web Mining methods both at the level of information and knowledge
and at the level of systems.

6 Prospects

The future of Web Mining will to a large extent depend on developments of the Semantic
Web. The role of Web technology still increases in industry, government, education,
entertainment. This means that the range of data to which Web Mining can be applied
also increases. Even without technical advances, the role of Web Mining technology will
become larger and more central. The main technical advances will be in increasing the
types of data to which Web Mining can be applied. In particular Web Mining for text,
images and video/audio streams will increase the scope of current methods. These are
all active research topics in Data Mining and Machine Learning and the results of this
can be exploited for Web Mining.

The second type of technical advance comes from the integration of Web Mining
with other technologies in application contexts. Examples are information retrieval, e-
commerce, business process modelling, instruction, and health care. The widespread use
of web-based systems in these areas makes them amenable to Web Mining.

In this section we outline current generic practical problems that will be addressed,
technology required for these solutions, and research issues that need to be addressed
for technical progress.

Knowledge Management. Knowledge Management is generally viewed as a field of
great industrial importance. Systematic management of the knowledge that is avail-
able in an organisation can increase the ability of the organisation to make optimal
use of the knowledge that is available in the organisation and to react effectively to
new developments, threats and opportunities. Web Mining technology creates the op-
portunity to integrate knowledge management more tightly with business processes.
Standardisation efforts that use Semantic Web technology and the availability of ever
more data about business processes on the internet creates opportunities for Web
Mining technology.
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More widespread use of Web Mining for Knowledge Management requires the
availability of low-threshold Web Mining tools that can be used by non-experts and
that can flexibly be integrated in a wide variety of tools and systems.

E-commerce. The increased use of XML/RDF to describe products, services and
business processes increases the scope and power of Data Mining methods in e-
commerce. Another direction is the use of text mining methods for modelling tech-
nical, social and commercial developments. This requires advances in text mining
and information extraction.

E-learning. The Semantic Web provides a way of organising teaching material, and
usage mining can be applied to suggest teaching materials to a learner. This opens
opportunities for Web Mining. For example, a recommending approach (as in [64])
can be followed to find courses or teaching material for a learner. The material can
then be organized with clustering techniques, and ultimately be shared on the web
again, e. g., within a peer to peer network [65]. Web mining methods can be used
to construct a profile of user skills, competence or knowledge and of the effect of
instruction. Another possibility is to use web mining to analyse student interactions
for teaching purposes. The internet supports students who collaborate during learn-
ing. Web mining methods can be used to monitor this process, without requiring
the teacher to follow the interactions in detail. Current web mining technology al-
ready provides a good basis for this. Research and development must be directed
toward important characteristics of interactions and to integration in the instructional
process.

E-government. Many activities in governments involve large collections of documents.
Think of regulations, letters, announcements, reports. Managing access and avail-
ability of this amount of textual information can be greatly facilitated by a combina-
tion of Semantic Web standardisation and text mining tools. Many internal processes
in government involve documents, both textual and structured. Web mining creates
the opportunity to analyse these governmental processes and to create models of the
processes and the information involved. It seems likely that standard ontologies will
be used in governmental organisations and the standardisation that this produces
will make Web Mining more widely applicable and more powerful than it currently
is. The issues involved are those of Knowledge Management. Also governmental ac-
tivities that involve the general public include many opportunities for Web Mining.
Like shops, governments that offer services via the internet can analyse their cus-
tomers behaviour to improve their services. Information about social processes can
be observed and monitored using Web Mining, in the style of marketing analyses.
Examples of this are the analysis of research proposals for the European Commis-
sion and the development of tools for monitoring and structuring internet discussion
fora on political issues (e.g. the E-presentation project at Fraunhofer Institute [66]).
Enabling technologies for this are more advanced information extraction methods
and tools.

Health care. Medicine is one of the Web’s fastest-growing areas. It profits from
Semantic Web technology in a number of ways: First, as a means of or-
ganizing medical knowledge - for example, the widely-used taxonomy In-
ternational Classification of Diseases and its variants serve to organize
telemedicine portal content (e.g., http://www.dermis.net) and interfaces (e.g.,
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http://healthcybermap.semanticweb.org). The Unified Medical Language System
(http://www.nlm.nih.gov/research/umls) integrates this classification and many oth-
ers. Second, health care institutions can profit from interoperability between the
different clinical information systems and semantic representations of member in-
stitutions’ organization and services (cf. the Health Level 7 standard developed by the
International Healthcare XML Standards Consortium: http://www.hl7.org ). Usage
analyses of medical sites can be employed for purposes such as Web site evaluation
and the inference of design guidelines for international audiences [67/68]], or the
detection of epidemics [69]. In general, similar issues arise, and the same methods
can be used for analysis and design as in other content classes of Web sites. Some
of the facets of Semantic Web Mining that we have mentioned in this article form
specific challenges, in particular: the privacy and security of patient data, the seman-
tics of visual material (cf. the Digital Imaging and Communications in Medicine
standard: http://medical.nema.org), and the cost-induced pressure towards national
and international integration of Web resources.

E-science. In E-Science two main developments are visible. One is the use of text min-
ing and Data Mining for information extraction to extract information from large
collections of textual documents. Much information is “buried” in the huge scien-
tific literature and can be extracted by combining knowledge about the domain and
information extraction. Enabling technology for this is information extraction in
combination with knowledge representation and ontologies. The other development
is large scale data collection and data analysis. This also requires common concept
and organisation of the information using ontologies. However, this form of collab-
oration also needs a common methodology and it needs to be extended with other
means of communication, see [70] for examples and discussion.

Webmining for images and video and audio streams. So far, efforts in Semantic
Web research have addressed mostly written documents. Recently this is broad-
ened to include sound/voice and images. Images and parts of images are annotated
with terms from ontologies.

Privacy and security. A factor that limits the application of Web Mining is the need to
protect privacy of users. Web Mining uses data that are available on the web anyway
but the use of Data Mining makes it possible to induce general patterns that can be
applied to personal data to inductively infer data that should remain private. Recent
research addresses this problem and searches for selective restrictions on access to
data that do allow the induction of general patterns but at the same time preserves a
preset uncertainty about individuals, thereby protecting privacy of individuals, e.g.,
[71172].

Information extraction with formalised knowledge. In section [5.3] we briefly re-
viewed the use of concept hierarchies and thesauri for information extraction. If
knowledge is represented in more general formal Semantic Web languages like
OWL, in principle there are stronger possibilities to use this knowledge for infor-
mation extraction.

In summary, the main foreseen developments are:

— The extensive use of annotated documents facilitates the application of Data Mining
techniques to documents.
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— The use of a standardised format and a standardised vocabulary for information on

the web will increase the effect and use of Web Mining.

— The Semantic Web goal of large-scale construction of ontologies will require the use

of Data Mining methods, in particular to extract knowledge from text.

At the moment of writing the main issues to address are:

— Methods for images and sound: an increasing part of the information on the web

is not in textual form and methods for classification, clustering, rule and sequence
learning and information extraction are needed, and thus require a combination
with methods for text and structured data.

— Knowledge-intensive learning methods for information extraction from texts. Build-

ing powerful information extraction knowledge is likely to be a necessary condition
to enable the Semantic Web.
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Abstract. In this paper we look at the deployment of web usage mining results
within two key application areas of web measurement and knowledge genera-
tion for personalisation. We take a fresh look at the model of interaction be-
tween business and visitors to their web sites and the sources of data generated
during these interactions. We then look at previous attempts at measuring the
effectiveness of the web as a channel to customers and describe our approach,
based on scenario development and measurement to gain insights into customer
behaviour. We then present Concerto, a platform for deploying knowledge on
customer behaviour with the aim of providing a more personalized service. We
also look at approaches to measuring the effectiveness of the personalization.
Various standards that are emerging in the market that can ease the integration
effort of personalization and similar knowledge deployment engines within the
existing IT infrastructure of an organization are also presented. Finally, current
challenges in the deployment of web usage mining are presented.

1 Introduction

A major issue with web usage mining to date is the inability of researchers and prac-
titioners to put forward a convincing case for Return on Investment (ROI) in this
technology. Web usage mining is complex if for no other reason, because of the sheer
volume of data and the pre-processing requirements due to data quality [10]. Data
generated by on-line businesses ranges from tens of Megabytes to several hundred
Gigabytes per day. Complexity of the web infrastructure and the focus on scalability
has led to numerous data quality issues related to page view identification, visitor
identification and robot activity filtering. Prior to knowledge being discovered, this
data must be cleaned, requiring large processing capabilities. The processed data must
then be loaded into an optimised warehouse before even the simplest of statistics can
be generated based on the data collected. This in turn means that businesses need to
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make large investments in hardware and software before they can start gaining the
benefits from analysing the data.

Analysing the data collected on-line on its own has not provided significant busi-
ness benefits and more recently there is a trend towards integration of web data with
non-web customer data prior to analysing it — the mythical 360 degree view of the
customer. Such consolidation is evident from takeovers of web analytics companies
such as Net Genesis by data mining/CRM companies such as SPSS.

In keeping with a number of data mining applications in industry, success of a web
usage mining project depends on the development and application of a standard proc-
ess. CRISP-DM! provides a generic basis for such a process that has been tried and
tested in industry. It is also accepted by most practitioners that while pre-processing
of the data is the most time-consuming phase of the process, planning for and exe-
cuting on the deployment phase of the process is key to project success and delivery
of ROI. We suggest that it is at this phase that web usage mining has failed to deliver.

In this paper we review past attempts, describe current research and develop future
trends in the deployment of web usage mining results. In Section 2 we define web
usage mining from a deployment perspective distinguishing between its two main
applications: web measurement and knowledge generation. We elaborate on our
model for customer interaction that forms the basis for data generated online, the
input to analytical tools provided by web usage mining. Section 3 describes the web
usage mining function of web measurement, probably the most common form of
analytics associated with the web. We discuss the growth of the field of web metrics
and describe a process based on business process monitoring called scenario meas-
urement. The second key application of web usage mining is the generation of useful
knowledge to be used for various business applications such as target marketing and
personalisation and Section 4 describes the deployment of generated knowledge
within the context of personalisation. In Section 5 we briefly describe Concerto, a
scalable platform for flexible recommendation generation, highlighting the role of
standards within the platform. Finally, Section 6 focuses on future trends within the
development of deployment technologies for web usage mining.

2 Web Usage Mining

Web usage mining has been defined as the application of data mining techniques to
large Web data repositories in order to extract usage patterns [5].

From a deployment perspective, there are two key applications of web usage min-
ing. The first is Web Measurement, encompassing the use of web mining to under-
stand the value that the web channel is generating for the business. This includes
measuring the success of various marketing efforts and promotions, understanding
conversion rates and identifying bottlenecks within the conversion process.

The second key application is the generation of knowledge about visitor behaviour.
The aim here is to understand visitor behaviour with the aim of servicing them better

' www.crisp-dm.org
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whether it is through the use of target marketing campaigns tailored to the individual
needs of customers or more proactive personalisation of the interactions in real-time.
In either case, it is essential to understand the nature of the interaction of visitors
with the business, the data that can be collected at each stage and the relationship
between the various data items with each other. We now describe our model of online
customer interactions that forms the basis for data collected for web usage mining.

2.1 A Model of Online Customer Interaction

From a web usage mining perspective, visitor interactions can be viewed as shown in
Figure 1. A visitor visits the web site on a number of occasions (visits). During each
visit, the visitor accesses a number of page impressions (also known as page views).
Each page impression represents certain concepts from the business domain and each
concept in turn is represented by a number of content objects (often called hits). Each
content object is identified by a unique URI but also has a number of attributes that
describe its content. This is especially useful for dynamic web sites where the URLs
themselves do not explicitly present all content related information.

i Concept : i Concept :

I Content Object " Content Ohject I I Content Ohject “ Content Ohject l

I Prnpen‘ipsj I Properties J l Properties I l Froperties I l Properties J

Fig. 1. Customer Interaction Model

The concepts themselves may be related through a domain specific ontology. For
example an online movie retailer may have content objects related to films, actors,
directors, producers, choreographer, etc. Using such an ontology within the web us-
age mining process or indeed during the deployment of web usage mining results
remains a challenge.

There is also an important temporal dimension to the model. People change and so
do their tastes. Previous preferences may be less relevant to current requirements.
Also, within a visit, users get distracted as they navigate though a web site and get
exposed to the breadth of information available, making earlier page views less rele-
vant to the users’ current needs. Other temporal effects include seasonality of pur-
chases and the context of the visit based of life-events such as births, deaths, gradua-
tion etc.



26 S. Singh Anand, M. Mulvenna, and K. Chevalier

Note that the model above is general in the sense that it encompasses interactions
between a visitor and a business in non-electronic channels too, though the same
depth of data is not available in non-electronic channels, where data generated is
generally limited to visitor transactions only.

2.2 Data Sources from Online Interaction

In web usage mining, the focus is generally on visitor-centred analysis of the data
collected though in certain circumstances visit based analysis is more appropriate,
especially given the well documented issues with visitor identification in web data
[10]. From a web measurement perspective, visit-based analytics is also useful to
discover visit specific process bottlenecks that result in the abandonment of the visit.

From a knowledge generation perspective, the ultimate aim is to gain insights into
customer behaviour so as to improve the customer experience and profitability. Cen-
tral to this analysis is the collection of data associated with customer preferences. The
data used as input to the web usage mining algorithm for knowledge generation may
be sourced in disparate ways. Data can be collected by explicitly asking the user for
the information or implicitly by recording user behaviour (Figure 2).

In the context of the web, the most commonly available data is web logs? that
document visitor navigation through the web site. This data is collected implicitly and
can provide insights into user interests based on the frequency with which certain
content is accessed, the time spent on the content, the order in which content is navi-
gated or simply on the fact that certain content was accessed while other content was
not accessed.

Forms

| Interactional I

Fig. 2. Data Collection for Customer Insight

Another form of implicit data collection is transactional in nature. These data rep-
resent actual purchases made by the customer. Once again the assumption made here
is that the user only purchases products that are of interest to them.

There are two main forms of explicit data collection on the web. The first is the
filling of forms. These may be forms filled by users to register for a service or on-line
surveys and competitions. The other explicit data collection technique is content or
product rating on a web site. This can involve form-filling or selecting check boxes,

2 More recently, alternatives to web server logs, based on JavaScript and applets, have been
proposed that alleviate a number of data quality issues with web server logs. The nature of
the data is generally the same as that stored in web logs and so the following discussion is
just as valid for data collected using these alternatives techniques.
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to provide feedback information. As explicit data collection requires additional effort
from the customer, all non-essential data items are generally not reliable as customers
tend to input incorrect data due to privacy concerns. Also rankings are inherently
subjective in nature and may not be reliable for use in group behavioural analytics.

3 Web Measurement

Attempts to measure activity on a web site date back to the development of the earli-
est web sites. The first form of measurement was the embedding of counters on web
pages that displayed the number of times that a web page was requested from the
server. As web sites became more complex, the counters used by web sites became
less attractive as measures of activity on web sites. Other than simply the increased
complexity of the web environment, counters in themselves did not provide any use-
ful knowledge that could be used by web site owners to enhance their services or
even gain insights into site performance.

The second generation of web measurement tools used web server logs to produce
more detailed statistics. These tools, often referred to as web log analysis tools, typi-
cally parsed the log files generated by the web server and produced static graphical
reports showing the activity by day, time of day, top page accesses, least accessed
pages, server error code distributions, most commonly used browsers used to access
the web site etc. The analysis provided by these tools, was generally focussed on hits
(components of pages) served by the server, and while useful for site administrators
to improve site performance, were not useful from the perspective of gaining insights
into user behaviour. These tools generally did not warehouse the data from which the
statistics were produced and nor did they provide systematic filtering and visit/visitor
identification techniques so as to provide visitor centric analysis?.

More recently, the focus of the analytics has shifted to visitor behaviour. Tools
used for this type of analysis are often referred to as Web analytics tools. The ap-
proach taken by these tools is that a web site can be considered to be successful when
the objectives of its owner are satisfied. The objectives can be to: convert site visitors
into consumers, convert site users into repeat visitors, increase the sale of a product,
deliver specific information, or increase the hit on an ad banner. The success metrics
are established relative to the definition of success.

This approach to analysis is based on the fact that activity on a web site can be de-
composed into a succession of steps [2,9,19]. The effectiveness of the web site is
computed based on the ability to satisfy each step. If a site provides easy access to
information or a service in a specific step, it means that the user can easily go through
to the next step. In a similar approach Spiliopoulou et al. defines three kinds of access
[18]: access to an action page (which guides to an objective), access to a target page
(the objective is achieved) and access to others pages.

3 Later versions of software from web log analysis vendors such as WebTrends and NetGene-
sis did provide high-end analytical tools that had this functionality, but for the classification
presented in this paper we classify the high end products as web analytics products.
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A way to distinguish the different steps (or activity on the site) is to use additional
knowledge about the content of the site. Teltzrow et al. [19] proposed associating a
service concept with each page. Each concept corresponds to a specific step in the
buying process. The metrics can be computed based on the access or not of the differ-
ent concepts. Spiliopoulou et al. [18] used a service-based concept hierarchy to model
all components of the site, where the model helps to distinguish the different kinds of
pages.

Besides the classic measures that compute the ratio of site visitors who buy some-
thing on the site, some others metrics have been proposed for measuring the success
of retail sites. Berthon et al. [2] provide a list of metrics aimed at evaluating different
aspects of the website’s effectiveness:

— Ability to make surfers aware of its Web site (awareness efficiency);

— Ability to convert aware surfers into surfers who accesses the web site (locatabil-
ity/ attractability efficiency);

— Ability to convert surfers who accesses the site into visitors (contact efficiency);

— Ability to convert visitors in consumers (conversion efficiency); and the

— Ability to convert consumers into loyal customers (retention efficiency).

Lee proposes micro-conversion rates [9] inspired by the online buying process.
These statistics describe the websites effectiveness for each step of the buying proc-
ess:

— look-to-click rate: number of product links followed / number of products impres-
sions;

— click-to-basket rate: number of products placed in basket / number of products
displayed;

— basket-to-buy rate: number of products purchased / number of basket placements;

— look-to-buy rate: number of products purchased / number of product Impressions.

3.1 Emerging Standards in Web Measurement

A sign of maturity of a field is the development and adoption of industry standards.
The ABC international standards working party (IFABC, International Federation of
Audit Bureaux*) has developed a set of rules and definitions that are the effective
world-wide standard for Web audits®. Definitions and rules specific to the Internet
industry in the UK and Ireland are controlled and developed by JICWEBS, the Joint
Industry Committee for Web Standards. The three most important concept definitions
from ABCe are:

1. Unique User, defined as "The total number of unique combinations of a valid
identifier. Sites may use (i) IP+User-Agent, (ii) Cookie and/or (iii) Registration
ID."

4 http://www.ifabc.org/
3 http://www.abce.org.uk
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2. Session, defined as "a series of page impressions served in an unbroken sequence
from within the site to the same user."

3. Page Impression, defined as "a file or a combination of files sent to a valid user as
a result of that user’s request being received by the server."

From a web analytics perspective there is an additional side-effect of the adoption
of the ABCe standard as it provides industry standard data cleaning guidelines. These
industry standards specify heuristics for visit and visitor identification, spider and
other automated access identification and rules for filtering out of invalid visitor traf-
fic (automated accesses and web server error codes). While the metrics specified by
ABCe are useful from a traffic audit perspective, web analytics aims to dig deeper
into web data with regards to understanding the customer behaviour. However, as the
data used in web analytics is the same as that used in generating a web traffic audit,
standard data cleaning processes imply that the quality of the knowledge generated
will have a standard interpretation.

3.2 Scenario Development and Measurement

In this section we propose a new approach to deploying web mining for web meas-
urement. This approach is based around the use of customer interactional scenarios
and the monitoring of customer behaviour against these expected scenarios.

For most businesses, the web is just another low-cost, medium for interacting with
their customers. Customer interactions on traditional channels are always aimed at
providing some service, which is achieved through a business process. The comple-
tion of the process results in value for the customer as well as the business. The web
is no different in this respect and thus the key processes that the customer is expected
to complete are the value generators for the business and have a direct impact on the
return on investment in web infrastructure. The processes and the benefits of custom-
ers completing these processes are dependent on the business model and hence the
development of the processes requires interaction with business and domain experts,
who describe these processes using scenarios that typical customers would be ex-
pected to follow when using the web channel.

These processes can range from registration processes on a portal, product pur-
chasing on a retail site, mortgage applications on a financial services site, a pedagogi-
cal session of an e-learning site, job applications on a recruitment site or even
searching for a dealer or booking a test drive on an automobile manufacturer’s site.
These key processes for the business are where ROI is generated.

The aim of the analysis is to provide abandonment rates and to identify site usabil-
ity bottlenecks causing abandonment of the process. The starting point for the analy-
sis is the definition of the process in terms of the various stages that constitute it. The
most common and well understood process is that of the purchasing process in the
context of a retailer. Customers enter the site, browse products (including searching
for products using local search facilities), put products in the shopping basket, enter
the checkout area and finally, depending on the site design go through a couple of
payment and delivery stages, prior to completing the checkout and the corresponding
purchase process.
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The domain expert then specifies subsections of the web site that are associated
with the different stages of the process to be analysed. These different stages define a
process that the visitors to the web site are expected to follow during a visit or indeed
across a number of visits as they progress through the customer lifecycle of engage,
transact, fulfil and service. The resulting metrics provide insights into how success-
fully the business has converted visitors to their site from one stage to the next, the
number of clicks it has taken visitors to move through the various stages of the proc-
ess and transitions from one stage to another are tracked to identify process bottle-
necks.

In addition to the definition of the process, the domain expert can also provide
more domain knowledge in the form of taxonomies defined on the content or product
pages at each stage of the process. These taxonomies can then be used to drill into
high level metrics as shown in Table 1-3, to discover actual navigational pathway at
various levels of generalisation within the taxonomy using sequence discovery algo-
rithms such Capri [3].

Depending on the complexity of the product and indeed the process, the process
may be completed within a single visit or across multiple visits. Indeed even for sim-
ple products, most customer tend to compare prices across multiple retailers prior to
making a purchase, resulting in a purchasing process spanning across multiple visits.
The key to analysing processes that span across visits is deciding when to treat a par-
ticular visitor as having abandoned the process as opposed to still being a valid pros-
pect. Understanding customer behaviour within each stage is key to defining the
abandonment event. Four key metrics of behaviour are used to profile visitor behav-
iour® within each stage of the process. These are the frequency of visits, recency of
visit, the time spent in the visit and the average time between visits. If the recency of
a visit by a visitor falls outside the confidence interval defined on the average time
between visits, we can assume the prospect to have abandoned the process.

Consider a process consisting of four stages. Table 1 shows the number of visitors
in each stage of the process, calculated from data collected from an online retailer
site. Note that these numbers do not signify a conversion rate of 2%. Not all visitors
in stages 1, 2 and 3 have as yet abandoned the process. There are still valid prospects
in the process. As time goes on, these prospects will either transition to later stages in
the process or abandon the process as described below.

Table 2 shows the metric values characterising intra-stage visitor behaviour.

Table 1. Visitors in Stage

Stage Number of Visitors
1 123087
2 32272
3 23154
4 3764

¢ Recency, frequency and monetary value-based profiling of customer behaviour is an estab-
lished technique in database marketing. On the web, in non-retail contexts, the use of dura-
tion as opposed to monetary value is often used. Recency is defined as the time elapsed since
the last visit by a visitor.
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Table 2. Visitor Behaviour in Stage

Stage ~ Number of Number of Average Average Time Average Time
Visits Visitors Recency Between Visits in Stage
1 1-2 113534 33.35 16.17 9.80
1 3-4 6302 34.60 21.34 37.24
1 5+ 3251 28.52 40.49 44.76
2 1-2 30040 32.98 21.41 10.74
2 3-4 1814 22.62 21.34 37.24
2 5+ 418 20.88 33.58 42.90
3 1-2 22086 30.94 21.50 11.18
3 3-4 920 26.61 25.07 39.54
3 5+ 148 22.39 38.56 44.17
4 1-2 3764 - - 10.77

We can see from the table that as the number of visits within a stage grows, so
does that average time between the visits while the recency of visits is actually de-
creasing. Also, note that the amount of time spent in the stage increase quite dramati-
cally when the number of visits increases to over two visits. Finally, the average re-
cency of visitors in Stage 1 with less than five visits is much higher than the average
time between visits, suggesting that a large proportion of these visitors have aban-
doned the process. A similar conclusion can be reached for visitors in Stages 2 and 3
who have only made one or two visits within the stage. Stage 4 denotes completion of
the process.

Table 3. Visits to Stage

Stage Visits to Number of Average Time to
Stage Visitors Stage
1 1-2 123015 0.83
2 1-2 27675 1.54
2 3-4 2444 10.89
2 5+ 2132 25.19
3 1-2 20219 1.55
3 3-4 1565 10.50
3 5+ 1352 25.46
4 1-2 3305 2.41
4 3-4 215 10.57
4 S5+ 242 28.57

Finally, Table 3 shows metrics related to the behaviour of a visitor to get to a stage
in the process. Once again we can use the confidence interval defined on average time
to stage to get a measure of how likely it is that visitors that in Stage i are likely to
transition to Stage i+1. As can be seen from Table 3, the average time to stage values
are quite low compared to the average time in stage values in Table 2, suggesting that
the majority of visitors that are still in Stages 1, 2 and 3, have probably abandoned the
process.
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4 Knowledge Generation for Personalisation

A number of research groups have taken a more technology oriented view of web
usage mining than the definition in Section 2. Joshi et al. [6] outline three operations
of interest for web mining:

— Clustering (finding grouping of users and pages, for example);
— Associations (for example, which pages tend to be requested together); and
— Sequential analysis (the order in which pages are accessed, for example)

Perkowitz and Etzioni [14] on the other hand view web mining as principally gen-
erating knowledge for automatic personalisation, defined as the provision of recom-
mendations that are generated by applying data mining algorithms to combined data
on behavioural information on users and the structure and content of a web space.

Given our broader perspective on web usage mining, we class these applications as
being knowledge generation applications that can provide the models required for
various business applications. For example, we now describe the deployment of web
usage mining results within the context of personalisation and later present our plat-
form for personalisation called Concerto.

From the perspective of knowledge generation for personalisation, the decision as
to whether to use visit based or visitor-based analysis is based on whether or not the
recommendation engine uses user history (profiles) as input to the recommendation
generation algorithm. When planning for personalisation it is not uncommon to con-
sider two main types of visitors to the site (see Figure 3). These are, first time visitors
and return visitors. The key distinction between these types of visitors is the non-
availability or availability of prior knowledge about the user. With on-line privacy
concerns and ensuing legislation the need to opt-in to personalisation services means
that even return visitors that have not opted-in could potentially have to be treated as
anonymous, first-time visitors. Additionally, visitor identification in the absence of a
requirement to log onto the site is based on heuristics and while the use of persistent
cookies does alleviate the problem to a certain extent, it is still fraught with inaccura-
cies. These issues are increasing the focus on the use of visit based analytics for per-
sonalisation.
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Fig. 3. Personalisation Approaches
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A number of classifications of recommendation technologies have been provided
in literature [4,16,17,20]. For the purposes of this discussion we use the classification
provided by [4]. Figure 3 shows this classification. Of these different approaches to
personalisation, collaborative-filtering is by far the most popular approach. Scalabil-
ity issues related to traditional, profile-based collaborative filtering, has led to re-
search into model-based collaborative filtering approaches. The pros and cons of
using models as opposed to individual profile based approaches are akin to those of
using greedy learning algorithms in machine learning as opposed to lazy learning
algorithms.

Web usage mining can be used to generate the knowledge used in model-based
collaborative filtering. Web usage mining techniques commonly used for this purpose
include association rule discovery, sequence rule discovery [12] and segmentation
[11]. The deployment of the knowledge generated through the use of web mining for
personlisation is essentially a real-time scoring application of the knowledge.

4.1 Measuring Personalisation Effectiveness

An ideal method for evaluating the benefit of personalization is to compute business
metrics such as those presented in Section 3 of this paper with and without the use of
personalization and to compare the results obtained in these two situations. If person-
alization has been effective, the results should show that, with personalisation
switched on, the goals of site owner are satisfied to a greater extent.

Peyton [15] correctly points out that a comparison based on different periods of
time is not the best choice, because it introduces some external factors that can distort
the validity of the inference made. For example, some periods are more favourable to
buyers than others or people can be influenced by fashion, etc. A more robust com-
parison is achieved through the creation and use of a control group as commonly
done in database marketing. Users of this group get no personalized content, while
other users receive personalized content. A lift in the metrics can then be attributed
solely to the effect of personalization. Of course, the selection of an unbiased sample
for the control group is essential for the true value of the personalization to be meas-
ured. A similar approach is also appropriate when comparing two alternatives person-
alisation techniques/approaches.

Yang [21] uses knowledge about expected outcomes, in their approach to evaluat-
ing personalisation. The knowledge describes the activities of users when they are
influenced by a good, a bad or an irrelevant personalisation system. The knowledge
allows a decision to be made on the quality of the personalisation.

Kim [8] provides empirical results on personalisation, using behavioural data as
well as structural data. They use decision tree techniques to identify customers with a
high propensity to purchase recommendations, and measure the uptake of these rec-
ommendations to this sub-group. Their results show that finding customers who are
likely to buy recommended products and then recommending the products to them
produces high-quality recommendations.

The approaches described above evaluate the effectiveness of personalisation from
the site owner perspective. Some others studies evaluate the effect of personalisation
from the users perspective. The success of a site can be measured by evaluating if the
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visitor expectations are satisfied. This kind of study is based on the collection of the
opinion of visitors about the site. For instance, Alpert et al. [1] and Karat et al. [7]
propose some studies to understand the value of personalisation for users (or custom-
ers) and underline which personalization features they like better. Their studies in-
volved the participation of a sample of users (of the ibm.com web site) that accept to
be observed during their interaction with the web site prototype (based on scenarios
or not), and to fill in questionnaires. The down side of these types of usability studies
is the difficulties in selecting a representative group of users, and the expense of the
exercise.

5 Concerto: A Foundation for Flexible Personalization

In this section we describe a platform for deploying the results of web mining knowl-
edge, within the context of personalisation, developed in the authors laboratory. The
aim of this section is to highlight architectural issues associated with the deployment
of web mining results in a highly scalable environment.

Figure 3 shows the various approaches to generating recommendations. Each of
these techniques has advantages and disadvantages and are more suited to certain
types of context. For example, profile based recommendations can only work for
visitors with a history in the form of ranked items and who are behaving in a manner
predictable from their past behaviour, while utility based techniques require the user
to set up a utility function etc.

Recognising the fact that no one approach to recommendation generation works
well all the time, the authors have developed a foundation for using multiple recom-
mendation engines in concert, called Concerto. The key to the development of such a
foundation is the scalability of the system - as delivering personalised content at the
cost of delaying delivery of content to the end user is not acceptable.

Figure 4 shows the key components of Concerto. The session manager is responsi-
ble for maintaining the state of current, active visits on the web site. The session man-
ager extracts certain contextual attributes such as the date/time and touch point of the
visit and passes the user click stream (list of page views accessed by the visitor,
within the current visit) along with the contextual attributes to the recommendation
manager. The recommendation manager is in charge of generating useful recommen-
dations, which it achieves by making asynchronous calls to all the live recommenda-
tion advisors. Each advisor is a separate recommendation engine, possibly using dif-
ferent knowledge sources, recommendation paradigms and parameter settings to
generate recommendations. Communication between the recommendation manager
and the recommendation engines occurs through topics/queues and a timeout is used
to ensure that no single recommendation advisor delays the delivery of recommenda-
tions to the user. The administrator of Concerto sets this timeout.

The Recommendation Manager collates recommendations from multiple recom-
mendation advisors and ranks them based on the context assembled. It has a highly
pluggable architecture, making it straightforward to add new recommendation advisor
components that utilise different paradigms.
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A number of recommendation advisor components have been developed based on
sequential knowledge and segmentation knowledge. Additional components based on
content filtering and profile based collaborative filtering are also being implemented.

As a side-product of deploying Concerto on a web site, web usage data can be
collected as an alternative to parsing web logs. This data is uploaded into a visitor
centric star schema for future analysis using a web usage mining tool. Within the
context of personalisation, the data can be used to generate models for model-based
collaborative filtering as well as to evaluate the effectiveness of personalisation itself
through tracking of user responses to personalised content.

Personalisation architectures needs to be scalable with respect to the number of
recommendation engines used as well as the number of concurrent users that can be
serviced by the system. To meet this scalability challenge, Concerto has an applica-
tion server based architecture, effectively decoupling the scalability of the software
from the constraints of the server machine as seen in client-server applications. Ap-
plication servers provide some of the basic plumbing required to build enterprise
applications, including load balancing, caching, message-queuing and management,
security and session management.
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Fig. 4. The Concerto Personalization Platform

5.1 The Role of Standards in Concerto

As can be seen from Figure 4, providing a scalable personalisation experience to site
visitors requires a complex infrastructure consisting of at least a Content Management
System (CMS), a knowledge base, tools for generating the knowledge and recom-
mendation engines for generating the list of content appropriate for a visitor to the
site. The complexity of the technology involved and the various modes of deploy-
ment can result in an integration nightmare. In this section we highlight some of the
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standards that are appearing in industry that can contribute to a reduction in the re-
quired integration effort. Note that these standards are not specifically aimed at per-
sonalisation systems, however, they lend themselves to these systems and the authors
have found there use within Concerto to provide substantial benefits. This section
also aims to highlight the advantages of considering the use of standards within de-
ployment architectures for web mining in general, using the personalisation context as
a use case. Note that this section does not aim to provide an exhaustive list of stan-
dards for use in personalisation. It only covers those standards that have been or
planned to be used within Concerto.

The Predictive Modelling Markup Language’ (PMML) is an XML based standard
developed by the Data Mining Group with the aim of aiding model exchange between
different model producers and between model producers and consumers. Most data
mining vendors have their own proprietary representations for knowledge discovered
using their algorithms. PMML provides the first standard representation that is ad-
hered to by all the major data mining vendors. Being XML based, models represented
in PMML can be easily parsed, manipulated and used by automated tools. Using
PMML as the knowledge representation for knowledge that can be used by Concerto,
decouples the software used for model generation and that for deploying the knowl-
edge in real-time for recommendation generation.

A related standard is the Java Data Mining API® that provides a standard API for
data mining engines. JDM supports the building, testing and applying of models as
well as the management of meta-data related to these activities. JDM aims to do for
data mining what JDBC did for database systems, i.e. to decouple the code that uses
data mining from the provider of the data mining service. While not directly related to
personalisation, model-based recommendation engines can be viewed as real-time
scoring engines and hence their application can be viewed as the real-time scoring of
data. Conformance of these engines to the JDM API could add value thorough the
effective decoupling of the personalisation infrastructure from the recommendation
engine service provision. JDM API also supports the export of knowledge to PMML.

The use of a domain ontology within the web usage mining and personalisation
context provides the promise of the discovery and application of deeper domain
knowledge to recommendation generation and hence improved personalisation. The
representation of such ontologies in an XML standard provides the basis for the ex-
change and deployment of this knowledge across sectors. Web Ontology Language
(OWLY’ is a standard currently being developed for this purpose.

The Simple Object Access Protocol'® (SOAP) is an open standard for the inter-
change of structured data, and facilitates communication between heterogeneous
systems. In Concerto, we provide a SOAP interface to the recommendation manager.
The objective of this was to make Concerto easily deployable within existing web
infrastructure. Organisations looking to deploy Concerto can do so through the SOAP
interface without any concerns of compatibility of their existing web site infrastruc-
ture.

7 http://www.dmg.org

8 hittp://www.jcp.org/jsr/detail/73.jsp
9 http://www.w3.0rg/2001/sw/WebOnt
10 http://www.w3.org/tr/soap/
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Finally, standards such as J2EE!, EJB, JNDI and JMS provide the basis for de-
ploying personalisation components in a scalable and open manner. In the Concerto
architecture, the use of queues and topics along with message driven bean technol-
ogy, to communicate asynchronously makes it straightforward to add new recom-
mendation engines, in a scalable fashion, to Concerto without affecting the rest of the
Concerto architecture.

5.2 Concerto Deployment Architectures

Concerto provides two main approaches to deployment within a web infrastructure.
These are the deployment as a service and the deployment as the content infrastruc-
ture. Concerto also provides a third option for deployment, as an Intermediary. This
approach to deployment is a low cost mechanism for evaluating the effectiveness of
the deployed web usage mining knowledge using a control group based approach,
prior to actual deployment. The use of this approach for final deployment is possible
but not recommended as the loose coupling with the customer web site while attrac-
tive from the speed of implementation perspective is not reliable and can lead to un-
reliable service with regard to the presentation of content. We now briefly present
each of these approaches to deployment.

5.2.1 Concerto as a Service

Concerto provides a SOAP and Java interface to its Recommendation Manager. This
enables Concerto to be deployed as a service to the corporate web site (Figure 5). In
this deployment, the current web site continues to be the touch point to the visitor.
When a visitor request is received by the content management system or server side
script, the CMS or script initiates a call to Concerto using either SOAP or RMI/IIOP,
depending on the technology on which the content infrastructure is based.

Concerto

Caontent Management
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Fig. 5. Deploying Concerto as a Service

Concerto can be used as a service in two modes: Stateless and Stateful. The key
difference between these modes is whether the responsibility for maintaining state
within the customer interaction is on Concerto or on the web site using it as a service.
The call to Concerto from the web site includes all the contextual attributes of the
visitor that are available and the current request (for stateful mode) or the complete
current visit (for stateless mode).

' http://java.sun.com/j2ee/



38 S. Singh Anand, M. Mulvenna, and K. Chevalier

From the perspective of scalability clearly the stateless mode is more scalable.
However, Concerto cannot be used for data collection when it is deployed as a state-
less service.

5.2.2 Concerto as Content Infrastructure
This deployment is shown in Figure 4 and represents the most highly integrated de-
ployment of Concerto. The visitor request to the web site is received by the front
controller servlet in Concerto and delivery of the content is also managed by Con-
certo. In this mode of deployment, Concerto interacts with the content management
system through an adapter to access content objects while the templating is handled
by Concerto itself. Depending on the requirement of the advisors Concerto may make
two calls to the CMS, one for meta-data and the other for content that needs to be
delivered to the visitor based on the explicit request and the recommended objects.
This deployment of Concerto is most closely coupled with the web site of the
business and is most appropriate where the web site is currently being (re)developed
so that the use of Concerto is built into the design of the web site.

5.2.3 Concerto as an Intermediary

In this mode of deployment (Figure 6), Concerto receives the request directly from
the visitor through a proxy server and it in turn makes an HTTP request to the busi-
ness’s web site for content while at the same time requesting the Recommendation
Manager to generate a recommendation pack. The content returned from the web site
is manipulated using embedded tags within the content to integrate the recommended
content into the page prior to delivery to the visitor.

Business Web

Weh Wisitor

Proxy Server

Concerto

Fig. 6. Concerto Deployment as an Intermediary

Especially in cases where the current web site has been deployed in the form of a
set of server side scripts rather than a content management system that orchestrates
content in real-time, this mode of deploying is an attractive option as it requires
minimal changes to the existing web site. However, the overhead of handling the
recommendations and transforming them into content lies on Concerto which may
involve the integration of meta-data about the content within the Concerto deploy-
ment.

Additionally, this deployment architecture is particularly useful for carrying out
evaluation of the recommendation engines using control groups as outlined in Section
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4.2 prior to deployment with a real-time environment. Here the control group contin-
ues to access the business web site as previously, getting no personalised content. The
target group on the other hand is directed to the proxy server and hence receives per-
sonalised content. A comparison of metrics generated for the two groups provides
empirical evidence of the expected ROI from the deployment of the recommendation
engine.

Table 4 below provides a comparison of the pros and cons of the three alternative
deployments of Concerto.

Table 4. Concerto Deployment Options

Deployment Advantages Disadvantages

Architecture

Service Existing web site retains control of Changes need to be made to templates to incorporate
customer interaction recommended content

Changes need to be made to web site to incorporate
call to Concerto

When deployed as a stateless service Concerto cannot
be used for improved data collection

Content Increased data quality of collected Existing web site loses control on interaction
Infrastructure _ click stream data
Intermediary Minimal Integration required with The proxy needs to be configured based on the
existing web site idiosyncrasies of the current web site
Quick turnaround for prototype Existing web site loses control on interaction

Concerto requires meta-data about the content infra-
structure of the site to ensure the validity of recom-
mended content on the orchestrated page

6 Concluding Comments and Future Challenges

In this paper we suggested that web usage mining has to date failed to have an impact
on industry due to failings at the deployment stage of web usage mining projects and
hence the delivery of a return on investment in the technology. We discussed the two
key application areas for web usage mining technology with specific reference to the
deployment of results within the analysis of business processes and the personalisa-
tion of web interactions.

The application of web usage mining to the generation of useful insights into cus-
tomer behaviour and the relationship between these behaviours and the completion of
key business processes that generate value for the business remains a challenge that
needs to be addressed. If the use of this technology in web measurement is to have a
real impact, we need to be able to use the technology in the context of key business
processes and provide real solutions to business bottlenecks.

A number of challenges also remain to be addressed with regard to the deployment
of web usage mining results for personalisation of web interactions. Current recom-
mendation technologies assume that the users’ context is always the same. That is,
every visitor to a web site has behaviour that is predictable based on a single profile
generated based on all previous visit behaviours. This of course is not the case. For
example, the goal of the visit may be different based on the time of visit. A visit by
the visitor during office hours may have very different characteristics to a visit during
the evening or when shopping for a gift. There is a need to provide a flexible basis for
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recommendation generation using different paradigms and knowledge chosen based
on the context of the user. This of course would require the context of the user to be
specified prior to the visit beginning, a highly unlikely event.

A challenge for the web mining community is to see if they can infer the context of
the visit from the visitors’ behaviour. If this is possible, then the next challenge lies in
the flexible deployment of knowledge discovered on context specific behaviour. The
Concerto platform provides the basis for such deployment, with the multiple recom-
mendation engines and the use of the recommendation manager to choose which
recommendation engines to invoke for a particular visit or indeed part of a visit.

The use of multi-agent/hybrid recommendation engines will also be key for inte-
gration of knowledge discovered from the disparate data sources specified in Section
2.1. Current systems tend to work specifically with one of the data sources at a time.
For example, most collaborative filtering systems assume the existence of product
rankings and web usage mining based systems usually only work with visit click
streams. Integration of this data can be achieved through the use of some heuristics.
Alternatively, knowledge discovered from each of these sources can be integrated at
the time of deployment, as is the case in Concerto. This of course raises its own chal-
lenges regarding the integration of recommendations generated by the individual
recommendation engines.

Another challenge is the currency of knowledge deployed. How often must this
knowledge be updated? The application of any changes to a web site is bound to
affect user behaviour. The deployment of recommendation engines is no different in
this respect and you would expect user behaviour to alter in response to the new be-
haviour of the web site. The key question is how these changes in behaviour can be
monitored so as to identify the need for new knowledge to be discovered and de-
ployed on the site.

All the above challenges point to another key gap in current research in web min-
ing deployment - the systematic evaluation of the recommendation paradigms. Naka-
gawa et al. recently published initial results comparing the effectiveness of deploying
association rule and sequence rule knowledge based recommendation engines based
on certain site characteristics [13]. There is a need for more systematic evaluation
based on the characteristics of visitors as well as a visit. This will help in the devel-
opment of more knowledge based integration of multiple recommendation engines,
ultimately leading to improved recommendation generation.

Another challenge is the incorporation of domain knowledge that may be available
on the web content of the web site, such as domain ontologies. The importance of this
challenge is increasing with the web content becoming more dynamic in nature and
the dependence of recommendation technologies on deeper understanding of the
content it is required to recommend. The use of such knowledge not only has the
ability to increase the breadth of the recommendations generated but also the seren-
dipity of recommendations generated.

No discussion on future challenges of data mining or web related technologies is
complete without a discussion on issues regarding the scalability of the technology.
Scalability in this context includes the knowledge generation itself but more specifi-
cally, refers to the generation of recommendations in an environment where the num-
ber of concurrent users and related behavioural knowledge is ever increasing. As
more context aware recommendation platforms are developed, the complexity of the
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recommendation generation process is bound to increase. It is however essential that
the time taken to generate the recommendations and deliver the personalised content
to the visitor is not adversely affected as a visitor is not going to find slow content
delivery acceptable. The use of an application server based architecture as in the case
of Concerto is the type of thought that must go into the development of general de-
ployment engines for web usage mining knowledge, whether deployed on the web or
in other customer touch points such as call centres.

Integration of deployment infrastructure into an organisations existing infrastruc-
ture is the key to successful deployment. The development of standards to support
this integration is also encouraging and the use of these standards and indeed the
enhancement and proposing of new useful standards that aid integration remains
another challenge.

Acknowledgements. The work for this paper was partially supported by the European
Commission’s Marie Curie Grant No. HPMT-2000-00049 ‘PERSONET’. The authors
would also like to acknowledge the contribution of Ken McClure and Miguel Alvarez
to the implementation of Concerto.

References

1. Alpert S., Karat J., Karat C.-M., Brodie C., and Vergo J., "User attitudes regarding a user-
adaptive e-commerce Web Site", In User Modeling and User-Adapted Interaction 13:
373-396, 2003.

2. Berthon P., Pitt L. and Watson Richard. The world wide web as advertising medium:
toward an understanding of conversion efficiency, In the Journal of Advertising Research,
vol. 36, issue 1, pp. 43-54.

3. Biichner, A.G., Baumgarten, M., Anand, S. S., Mulvenna, M. D., and Hughes, J. G. Navi-
gation Pattern Discovery from Internet Data, B. Masand, M. Spiliopoulou (eds.) Ad-
vances in Web Usage Analysis and User Profiling, Lecturer Notes in Computer Science,
Springer-Verlag, 2000.

4. Burke, R. Hybrid Recommender Systems: Survey and Experiments, To appear in User
Modeling and User-Adapted Interaction.

5.  Cooley, R., Tan, P-N., Srivastava, J. Discovery of Interesting Usage Patter s from Web
Data, Web Usage Analysis and User Profiling, In Lecture Notes in Artificial Intelligence,
Brij Masand, Myra Spiliopoulou (Eds.), pp. 163-182, 2000.

6. Joshi, A., Joshi, K., Krishnapuram, R., On mining Web Access Logs, in Proceedings of
the ACM-SIGMOD Workshop on Research Issues in Data Mining and Knowledge Dis-
covery, 2000, pp. 63-69

7. Karat C.-M., Brodie C., Karat J., Vergo J., and Alpert S., "Personalizing the user experi-
ence on ibm.com", in IBM Systems Journal, vol. 42, no. 4, 2003.

8. Kim, J.K,, Cho, Y. H., Kim, W. J., Kim, J. R. and Suh, J. H., A Personalized Recommen-
dation Procedure for Internet Shopping Support, Electronic Commerce Research and Ap-
plications, Vol. 1, No. 3-4, pp301-313, 2002

9. LeeJ., Podlaseck M., Schonberg E., Hoch R., and Gomory S. Analysis and Visualization
of Metrics for Online Merchandising, In Lecture Notes in Computer Science, Springer-
Verlag Heidelberg, ISSN: 0302-9743, Volume 1836 / 2000, January 2000.



42

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

S. Singh Anand, M. Mulvenna, and K. Chevalier

Mobasher, B., R. Cooley and J. Srivastava Data Preparation for Mining World Wide Web
Browsing Patterns, in the Journal of Knowledge and Information Systems, Vol. 1, No. 1,
1999.

Mobasher, B., Dai, H., Luo, T., Sung, Y., Nakagawa, M. and Wiltshire, J. Discovery of
Aggregate Usage Profiles for Web Personalization, in Proceedings of the Web Mining for
E-Commerce Workshop (WebKDD"2000), held in conjunction with the ACM-SIGKDD
Conference on Knowledge Discovery in Databases (KDD'2000), August 2000, Boston.
Mobasher, B., Dai, H., Luo, T., Nakagawa, M. Using Sequential and Non-Sequential
Patterns for Predictive Web Usage Mining Tasks. In Proceedings of the IEEE Interna-
tional Conference on Data Mining (ICDM'2002), Maebashi City, Japan, December, 2002
Nakagawa, M. and Mobasher, B. Impact of Site Characteristics on Recommendation
Models Based On Association Rules and Sequential Patterns, In Proceedings of the
IJCAI'03 Workshop on Intelligent Techniques for Web Personalization, Acapulco, Mex-
ico, August 2003

Perkowitz M., Etzioni O., "Towards adaptive Web sites: Conceptual framework and case
study". Artificial Intelligence 2000; 118: 245-275

Peyton L. Measuring and Managing the Effectiveness of Personalization, In Proceedings
of the 5th International conference on Electronic commerce, 2003, Pittsburgh, Pennsylva-
nia.

Resnick, P. and Varian, H. R.: 1997, ‘Recommender Systems’. Communications of the
ACM, 40 (3), 56-58.

Schafer, J. B., Konstan, J. and Riedl, J.: 1999, ‘Recommender Systems in E-Commerce’.
In: EC "99: Proceedings of the First ACM Conference on Electronic Commerce, Denver,
CO, pp. 158-166.

Spiliopoulou M. and Pohle C. Data Mining for Measuring and Improving the Success of
Web Sites, Data Mining and Knowledge Discovery, 5:85-114, 2001.

Teltzrow M. and Berendt B. Web-Usage-Based Success Metrics for Multi-Channel Busi-
nesses. In Proceedings of the Fifth WEBKDD workshop: Webmining as a Premise to Ef-
fective and Intelligent Web Applications (WEBKDD’2003), Washington, DC, USA,
August 27, 2003.

Terveen, L. and Hill, W: 2001, ‘Human-Computer Collaboration in Recommender Sys-
tems’. In: J. Carroll (ed.): Human Computer Interaction in the New Millennium. New
York: Addison-Wesley.

Yang, Y. and Padmanabhan, B. On Evaluating Online Personalization, In proceedings of
the Workshop on Information Technology and Systems (WITS 2001), pages 35-41, De-
cember 2001.



Mining the Web to Add Semantics to Retail
Data Mining

Rayid Ghani

Accenture Technology Labs
161 N Clark St, Chicago, IL 60601
Rayid.Ghani@accenture.com

Abstract. While research on the Semantic Web has mostly focused on
basic technologies that are needed to make the Semantic Web a reality,
there has not been a lot of work aimed at showing the effectiveness and
impact of the Semantic Web on business problems. This paper presents
a case study where Web and Text mining techniques were used to add
semantics to data that is stored in transactional databases of retailers. In
many domains, semantic information is implicitly available and can be
extracted automatically to improve data mining systems. This is a case
study of a system that is trained to extract semantic features for apparel
products and populate a knowledge base with these products and fea-
tures. We show that semantic features of these items can be successfully
extracted by applying text learning techniques to the descriptions ob-
tained from websites of retailers. We also describe several applications of
such a knowledge base of product semantics that we have built includ-
ing recommender systems and competitive intelligence tools and provide
evidence that our approach can successfully build a knowledge base with
accurate facts which can then be used to create profiles of individual
customers, groups of customers, or entire retail stores.

1 Introduction

Most of the research on the Semantic Web has focused on the basic technologies
that are required to make the Semantic Web a reality. Techniques for Ontol-
ogy Generation, Ontology Mediation, Ontology Population, and Reasoning from
the Semantic Web have all been the major areas of focus. While this research
has been promising, there has not been a lot of work aimed at showing the ef-
fectiveness and impact of the Semantic Web on business problems. This paper
focuses on the applications of these techniques and argues that the presence of
semantic knowledge can not only result in improved business applications, but
also enable new kinds of applications. We present a case study that uses Web
and Text Mining techniques to add semantics to pre-existing databases. The
augmentation of semantics to existing product databases that retailers current
have results in exists for a retailer would enable new kinds of applications that
data mining algorithms would be ideally suited for.

Current Data Mining techniques usually do not automatically take into ac-
count the semantic features inherent in the data being “mined”. In most data

B. Berendt et al. (Eds.): EWMF 2003, LNAI 3209, pp. 43-[56] 2004.
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mining applications, a large amount of transactional data is analyzed without
a systematic method for “understanding” the items in the transactions or what
they say about the customers who purchased those items. The majority of algo-
rithms used to analyze transaction records from retail stores treat the items in
a market basket as objects and represent them as categorical values with no as-
sociated semantics. For example, in an apparel retail store transaction, a basket
may contain a shirt, a tie and a jacket. When data mining algorithms such as
association rules, decision trees, neural networks etc. are applied to this basket,
they completely ignore what these items "mean” and the semantics associated
with them. Instead, these items could just be replaced by distinct symbols, such
as A, B and C or with apple, orange and banana for that matter, and the al-
gorithms would produce the same results. The semantics of particular domains
are injected into the data mining process in one of the following two stages: In
the initial stage where the features to be used are constructed e.g. for decision
trees or neural networks, feature engineering becomes an essential process that
uses the domain knowledge of experts and provides it to the algorithm . The
second instance where semantics are utilized is in interpreting the results. Once
association rules or decision trees are generated and A and B are found to be
correlated, the semantics are then used by humans to interpret them. Both of
these methods of injecting semantics have been proved to be effective but at the
same time are very costly and require a lot of human effort.

In many domains, semantic information is implicitly available and can be
automatically extracted. In this paper, we describe a system that extracts se-
mantic features for apparel products and populates a knowledge base with these
products and features. We use apparel products and show that semantic features
of these items can be successfully extracted by applying text learning techniques
to the product names and descriptions obtained from websites of retailers. We
also describe several applications of such a knowledge base of product semantics
including recommender systems and competitive intelligence and provide evi-
dence that our approach can successfully build a knowledge base with accurate
facts which can then be used to create profiles of individual customers, groups
of customers, or entire retail stores.

The work presented in this paper was motivated by discussions with CRM
experts and retailers who currently analyze large amounts of transactional data
but are unable to systematically understand the semantics of an item. For ex-
ample, a clothing retailer would know that a particular customer bought a shirt
and would also know the SKU, date, time, price, size, and color of a particular
shirt that was purchased. While there is some value to this data, there is a lot
of information not being captured that would facilitate understanding the tastes
of the customer and enable a variety of applications. For example, is the shirt
flashy or conservative? How trendy is it 7 Is it casual or formal? These ”softer”
attributes that characterize products and the people who buy them tend not to
be available for analysis in a systematic way.

In this paper, we describe our work on a system capable of inferring these
kinds of attributes to enhance product databases. The system learns these at-
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tributes by applying text learning techniques to the product descriptions found
on retailer web sites. This knowledge can be used to create profiles of individ-
uals that can be used for recommendation systems that improve on traditional
collaborative filtering approaches and can also be used to profile a retailer’s po-
sitioning of their overall product assortment, how it changes over time, and how
it compares to their competitors. Although the work described here is limited to
the apparel domain and a particular set of features, we believe that this approach
is relevant to a wider class of data mining problems and that extracting seman-
tic clues and using them in data mining systems can add a potentially valuable
dimension which existing data mining algorithms are not explicitly designed to
handle.

2 Related Work

There has been some work in using textual sources to create knowledge bases
consisting of objects and features associated with these objects. Craven et al.[3],
as part of the WebKB group at Carnegie Mellon University built a system for
crawling the Web (specifically, websites of CS departments in universities) and
extract names of entities (students, faculty, courses, research projects, depart-
ments) and relations (course X is taught by faculty Y, faculty X is the advi-
sor of student Y, etc.) by exploiting the content of the documents, as well as
the link structure of the web. This system was used to populate a knowledge
base in an effort to organize the Web into a more structured data source but
the constructed knowledge base was not used to make any inferences. Recently,
Ghani et al. [6] extended the WebKB framework by creating a knowledge base
consisting of companies and associated features such as address, phone num-
bers, employee names, competitor names etc. extracted from semi-structured
and free-text sources on the Web. They applied association rules, decision trees,
relational learning algorithms to this knowledge base to infer facts about compa-
nies. Nahm & Mooney [I] also report some experiments with a hybrid system of
rule-based and instance-based learning methods to discover soft-matching rules
from textual databases automatically constructed via information extraction.

3 Overview of Our Approach

At a high level, our system deals with text associated with products to infer a
predefined set of semantic features for each product. These features can generally
be extracted from any information related to the product but in this paper, we
only use the descriptions associated with each item. The features extracted are
then used to populate a knowledge base, which we call the product semantics
knowledge base. The process is described below.

1. Collect information about products
2. Define the set of features to be extracted
3. Label the data with values of the features
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4. Train a classifier/extractor to use the labeled training data to now extract
features from unseen data

5. Extract Semantic Features from new products by using the trained classi-
fier /extractor

6. Populate a knowledge base with the products and corresponding features

4 Data Collection

We constructed a web crawler to visit web sites of several large apparel re-
tail stores and extract names, urls, descriptions, prices and categories of all
products available. This was done very cheaply by exploiting regularities in the
html structure of the websites and manually writing wrappersEl. We realize that
this restricts the collection of data from websites where we can construct wrap-
pers and although automatically extracting names and descriptions of products
from arbitrary websites would be an interesting application area for informa-
tion extraction or segmentation algorithms[I4], we decided to take the manual
approach. The extracted items and features were placed in a database and a
random subset was chosen to be labeled.

5 Defining the Set of Features to Extract

After discussions with domain experts, we defined a set of features that would
be useful to extract for each product. We believe that the choice of features
should be made with particular applications in mind and that extensive domain
knowledge should be used. We currently infer values for 8 kinds of attributes for
each item but are in the process of identifying more features that are potentially
interesting. The features we use are Age Group, Functionality, Price point, For-
mality, Degree of Conservativeness, Degree of Sportiness, Degree of Trendiness,
and Degree of Brand Appeal. More details including the possible values for each
feature are given in Table 1.

The last four features (conservative, sportiness, trendiness, and brand appeal)
have five possible values 1 to 5 where 1 corresponds to low and 5 is the highest
(e.g. for trendiness, 1 would be not trendy at all and 5 would be extremely
trendy).

6 Labeling Training Data

The data (product name, descriptions, categories, price) collected by crawling
websites of apparel retailers was placed into a database and a small subset ( 600
products) was given to a group of fashion-aware people to label with respect to
each of the features described in the previous section. They were presented with
the description of the predefined set of features and the possible values that each
feature could take (listed in Table 1).

! In our case, the wrappers were simple regular expressions that took the html content
of web pages into account and extracted specific pieces of information
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Table 1. Details of features extracted from each product description

‘F eature Name‘Possible Values ‘Description
Age Group [Juniors, Teens, GenX, Mature, All{For what ages is this item most ap-
Ages propriate?
Functionality |Loungewear, Sportswear, Evening-{How will the item be used?
wear, Business Casual, Business
Formal
Pricepoint Discount, Average, Luxury Compared to other items of this
kind is this item cheap or expensive?
Formality Informal , Somewhat Formal, Very|How formal is this item?
Formal
Conservative |1(gray suits) to 5 (Loud, flashy|Does this suggest the person is con-
clothes) servative or flashy?
Sportiness 1to5
Trendiness 1 (Timeless Classic) to 5 (Current|Is this item popular now but likely
favorite) to go out of style? or is it more time-
less?
Brand Appeal|l(Brand makes the product unap-|Is the brand known and makes it ap-
pealing) to 5 (high brand appeal) |pealing?

7 Verifying Training Data

Since the data was divided into disjoint subsets and each subset was labeled
by a different person, we wanted to make sure that the labeling done by each
expert was consistent with the other experts and there were no glaring errors.
One way to do that would be to now swap the subsets for each person and ask
the other labelers to repeat the process on the other set. Obviously, this can get
very expensive and we wanted to find a cheaper way to get a general idea of
the consistency of the labeling process. For this purpose, we decided to generate
association rules on the labeled data. We pooled all the data together and gen-
erated association rules between features of items using the apriori algorithm[I].
The particular implementation that we used was [2]. By treating each product
as a transaction (basket) and the features as items in the basket, this scenario
becomes analogous to the traditional market-basket analysis. For example, a
product with some unique ID, say Polo V-Neck Shirt, which was labeled as Age
Group: Teens, Functionality: Loungewear, Pricepoint: Average, Formality: In-
formal, Conservative: 3, Sportiness: 4, Trendiness:4, Brand Appeal: 4 becomes
a basket with each feature value as an item. By using Apriori algorithm, we
can derive a set of rules which relate multiple features over all products that
were labeled. We ran apriori with both single and two-feature antecedents and
consequents. Table 2 shows some sample rules that were generated.

By analyzing the association rules, we found a few inconsistencies in the
labeling process where the labelers misunderstood the features. As we can see
from Table 2, the association rules match our general intuition e.g. Apparel items
labeled as informal were also labeled as sportswear and loungewear. Items with
average prices did not have high brand appeal - this was probably because items
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Table 2. Sample Association Rules

lRule [Support[Conﬁdence‘
Informal <- Sportswear 24.5% 93.6%
Informal <- Loungewear 16.1% | 82.3%
Informal <- Juniors 12.1% 89.4%
PricePoint=Ave <- BrandAppeal=2| 8.8% 79.0%
BrandAppeal=5 <- Trendy=>5 16.3% | 91.2%
Sportswear <- Sporty=4 9.0% 85.7%
AgeGroup=Mature <- Trendy=1 9.4% 78.8%

with high brand appeal are usually more expensive. An interesting rule that was
discovered was that items that were labeled as belonging to Mature Age group
were also labeled as being not trendy at all.

Using association rules over the entire labeled data proved to be very useful in
verifying the consistency of the labeling process done by several different labelers
and we believe would be a useful tool for data verification in general where the
labeling is performed by multiple people.

8 Training from the Labeled Data

We treat the learning problem as a traditional text classification problem and
create one text classifier for each ”semantic feature”. For example, in the case of
the Age Group feature, we classify the product into one of five classes (Juniors,
Teens, GenX, Mature, All Ages). The initial algorithm used to perform this
classification was Naive Bayes and a description is given below.

8.1 Naive Bayes

Naive Bayes is a simple but effective text classification algorithm[TI0/9]. Naive
Bayes defines an underlying generative model where, first a class is selected ac-
cording to class prior probabilities. Then, the generator creates each word in a
document by drawing from a multinomial distribution over words specific to the
class. Thus, this model assumes each word in a document is generated indepen-
dently of the others given the class. Naive Bayes forms maximum a posteriori
estimates for the class-conditional probabilities for each word in the vocabulary
V from labeled training data D. This is done by counting the frequency that word
wy occurs in all word occurrences for documents d; in class ¢;, supplemented with
Laplace smoothing to avoid probabilities of zero:

1+ 3P N (wr, ;) Pr(c;|d;)
V] + SV SIPY N (wy, di) Pr(ejlds)

where N (wy, d;) is the count of the number of times word w; occurs in document
d;, and where Pr(c;|d;) € {0,1} as given by the class label.

Pr(w|e;) = (1)
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At classification time we use these estimated parameters by applying Bayes’
rule to calculate the probability of each class.

Pr(c;ld;) o< Pr(c;) Pr(ds|c;)
Id:i]

= Pr(c;) [[ Pr(wa, ,lc))- (2)

k=1

8.2 Incorporating Unlabeled Data Using EM

In our initial data collection phase, we collected names and descriptions of thou-
sands of women’s apparel items from websites. Since the labeling process was
expensive, we only labeled about 600 of those, leaving the rest as unlabeled. Re-
cently, there has been much recent interest in supervised learning algorithms that
combine information from labeled and unlabeled data. Such approaches include
using Expectation-Maximization to estimate maximum a posteriori parameters
of a generative model [12], using a generative model built from unlabeled data
to perform discriminative classification [7], and using transductive inference for
support vector machines to optimize performance on a specific test set [§]. These
results have shown that using unlabeled data can significantly decrease classifi-
cation error, especially when labeled training data are sparse.

For the case of textual data in general, and product descriptions in particular,
obtaining the data is very cheap. A simple crawler can be build and large amounts
of unlabeled data can be collected for very little cost. Since we had a large number
of product descriptions that were collected but unlabeled, we decided to use the
Expectation-Maximization algorithm to combine labeled and unlabeled data for
our task.

Expectation-Maximization. If we extend the supervised learning setting to
include unlabeled data, the naive Bayes equations presented above are no longer
adequate to find maximum a posteriori parameter estimates. The Expectation-
Maximization (EM) technique can be used to find locally maximum parameter
estimates.

EM is an iterative statistical technique for maximum likelihood estimation
in problems with incomplete data [4]. Given a model of data generation, and
data with some missing values, EM will locally maximize the likelihood of the
parameters and give estimates for the missing values. The naive Bayes generative
model allows for the application of EM for parameter estimation. In our scenario,
the class labels of the unlabeled data are treated as the missing values.

EM is an iterative two-step process. Initial parameter estimates are set using
standard naive Bayes from just the labeled documents. Then we iterate the
E- and M-steps. The E-step calculates probabilistically-weighted class labels,
Pr(c;|d;), for every unlabeled document using Equation Bl The M-step estimates
new classifier parameters using all the documents, by Equation[l, where Pr(c;|d;)
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is now continuous, as given by the E-step. We iterate the E- and M-steps until
the classifier converges.

9 Experimental Results

In order to evaluate the effectiveness of the algorithms described above for build-
ing an accurate knowledge base, we calculated classification accuracies using the
labeled product descriptions and 5 fold cross-validation. The evaluation was per-
formed for each attribute and the table below reports the accuracies. The first
row in the table (baseline) gives the accuracies if the most frequent attribute
value was predicted as the correct class. The experiments with Expectation-
Maximization were run with the same amount of labeled data as Naive Bayes
but with an additional 3500 unlabeled product descriptions.

Table 3. Classification accuracies for each attribute using 5 fold cross-validation. Naive
Bayes uses only labeled data and EM uses both labeled and unlabeled data.

Algorithm [Age |Functionality|Formality|Conservative|Sportiness| Trendiness|Brand
Group Appeal
Baseline 29%  24% 68% 39% 49% 29% 36%
Naive Bayes|66% |57% 6% 80% 70% 69% 82%
EM 8% |70% 82% 84% 78% 80% 91%

Looking at Table 3, we can see that Naive Bayes outperforms our baseline
for all the attributes. Using unlabeled data and combining it from the initially
labeled product descriptions with EM helps improve the accuracy even further.
To get a qualitative and intuitive feel for the performance of these algorithms
and for the effectiveness of our approach, Table 4 gives a list of words which
had high weights for some of the features that we used the naive bayes classifier
to extract. There words were selected by scoring all the words according to
their log-odds-ratio scores and picking the top 10 words. Looking at the words
gives us a qualitative and intuitive idea of what type of words are indicative of
each attribute and verifies our initial hypothesis that the marketing language
associated with product does correspond to these softer attributes that we are
trying to infer.

9.1 Results on a New Test Set

The results reported earlier in Table 3 are extremely encouraging but are in-
dicative of the performance of the algorithms on a test set that follows a similar
distribution as the training set. Since we first extracted and labeled product de-
scriptions from a retail website and then used subsets of that data for training
and testing (using 5 fold cross-validation), the results may not hold for test data
that is drawn from a different distribution or a different retailer.
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Table 4. For each class, the table shows the ten words that are most highly weighted
by one of our learned models. The weights shown represent the weighted log-odds ratio
of the words given the class.

Conservative=>5(high)|Conservative=1(low)|Formality=Informal|Somewhat Formal
lauren rose jean jacket
ralph special tommy fully

breasted leopard jeans button
seasonless chemise denim skirt
trouser straps sweater lines
jones flirty pocket york
sport spray neck seam
classic silk tee crepe
blazer platform hilfiger leather
agegroup=juniors|Functionality=Loungewear|Functionality=Partywear |Sportiness=5(high)
jrs chemise rock sneaker
dkny silk dress camp
jeans kimono sateen base
tee calvin length: rubber
collegiate klein skirt sole
logo august shirtdress white
tommy lounge open miraclesuit
polo hilfiger platform athletic
short robe plaid nylon
sneaker gown flower mesh
Brand Appeal=>5(high)|Trendiness=1(low)
lauren lauren
ralph seasonless
dkny breasted
kenneth trouser
cole pocket
imported carefree
ralph
blazer
button

The results we report in Table 5 are obtained by training the algorithm on the
same labeled data set as before but testing it on a small (125 items) new labeled
data set collected from a variety of retailers. As we can observe, the results are
consistently better than baseline and in some cases, even better than in Table
3. This results enables us to hypothesize that our system can be applied to a
wide variety of data and can adapt to different distributions of test sets using
the unlabeled data.
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Table 5. Classification accuracies when trained on the same labeled data as before
but tested on a new set of test data that is collected from a new set of retailers

Algorithm |Age |Functionality| Formality|Conservative|Sportiness| Trendiness|Brand
Group Appeal
Naive Bayes|83% [45% 61% 70% 81% 80% 87%

10 Applications

The knowledge base (KB) constructed by labeling unseen products has several
applications. In this section, we describe some concrete applications that we
have developed. The KB can be used to create profiles of individuals that can be
used for recommender systems that improve on traditional collaborative filtering
approaches and can also be used to profile a retailer’s positioning of their overall
product assortment, how it changes over time, and how it compares to their
competitors.

10.1 Recommender Systems

Being able to analyze the text associated with products and map it to the set
of predefined semantic features in real-time gives us the ability to create instant
profiles of customers shopping in an online store. As the shopper browses prod-
ucts in a store, the system running in the background can extract the name and
description of the items and using the trained classifiers, can infer semantic fea-
tures of that product. This process can be used create instant profiles based on
viewed items without knowing the identity of the shopper or the need to retrieve
previous transaction data. This can be used to suggest subsequent products to
new and infrequent customers for whom past transactional data may not be
available. Of course, if historical data is available, our system can use that to
build a better profile and recommend potentially more targeted products. We
believe that this ability to engage and target new customers tackles one of the
challenges currently faced by commercial recommender systems [I3] and can help
retain new customers.

We have built a prototype of a recommender system for women’s apparel
items by using our knowledge base of product semantics. More details about
the recommender system can be found in [5].The knowledge base is populated
with thousands of items and their associated semantic attributes inferred by
the learning algorithm described in earlier sections. Our system monitors the
browsing behavior of user browsing a retailer’s website and in real-time, ex-
tracts names and descriptions of products that they browse. The description
text is then passed through our learned models and the semantic attributes
of the products are inferred. For each product browsed, our system calculates
P(A;,; |Product)Vi, j, where A;,; is the jth value of the ith attribute. The at-
tributes are the semantic features described in Table 1 and the possible values
for each attribute are also listed in the table. The user profile is constructed by
combining these probabilities for each product browsed: User Profile =
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N
1
Pr(U;,; |PastNItems) = i ZPI(AM [Ttemy,) (3)
k=1

The user profile is stored in terms of probabilities for each attribute value
which allows us flexibility to include mixture models in future work in addition
to being more robust to changes over time.

As the user browses products, the system compares the evolving profile
against the products in the knowledge base, which has products classified into
the same taxonomy of semantic features, and recommends the closest matching
ones. Currently, we give equal weight to all products browsed when construct-
ing the profile. In future work, we plan to experiment with different weighting
schemes such as weighting recent items more than older ones.

There are two prevalent approaches to building recommender systems : Col-
laborative Filtering and Content-based. Collaborative Filtering systems work
by collecting user feedback in the form of ratings for items in a given domain
and exploit similarities and differences among profiles of several users to recom-
mend an item. It recommends other items bought by people who also bought
the current item of interest and completely ignores ”what” the current item of
interest was. Collaborative Filtering approaches suffer from two main problems:
the ”sparsity” problem that most customers do not browse or buy most products
in a store and the "New Item” problem that a new product cannot be recom-
mended to any customer until it has been browsed by a large enough number of
customers. On the other hand, content-based methods provide recommendations
by comparing representations of content contained in an item to representations
of content that interests the user. A main criticism of content-based recommen-
dation systems is that the recommendations provided are not very diverse. Since
the system is powered solely by the user’s preferences and the descriptions of
the items browsed, it tends to recommend items "too” similar to the previous
items of interest.

This type of recommender system improves on collaborative filtering as it
would work for new products which users haven’t browsed yet and can also
present the user with explanations as to why they were recommended certain
products (in terms of the semantic attributes). We believe that our system also
performs better than standard content-based systems. Although content-based
systems also use the words in the descriptions of the items, they traditionally
use those words to learn one scoring function. For example, a classical content-
based recommendation engine takes the text from the descriptions of all the
items that user has browsed or bought and learns a model (usually a binary
target function: "recommend” or ”not recommend”). In contrast, our system
changes the feature space from words (thousands of features) to the eight se-
mantic attributes. This still enables us to recommend a wide variety of products
unlike most content-based systems. Another potential advantage of our system
is its ability to suggests products across categories (i.e. apparel styles may be
predictive of furniture, for example) which content-based systems are not able
to do.
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Since our goal was not to build the best recommendation system but rather
to demonstrate the potential of a knowledge base of product semantics, we did
not explore many approaches to building a user’s profile. In future work, we
plan to tackle the cases where a user’s profile consists of a number of separate
profiles. For example, if a user is looking for something for herself and also
for her son, our system should be able to recognize that the items that the
user is buying or browsing are inherently different. This could be done through
mixture models where we construct a profile using a mixture of different profiles.
Another potential solution is to monitor the users profile as they browse more
and more products. Since each product can be though of as a point in an n-
dimensional Euclidean space (where n is the number of features, in our case,
8), we can calculate the distance of a new product from the current profile of
the user. If a new product is ”very” different from the current profile of the
user (using thresholds based on cross-validation), it can be placed in a separate
profile or treated as an outlier. We also plan to conduct user studies to validate
the effectiveness of such a recommendation system based on these intermediate-
level semantic features.

10.2 Store Profiling

Product recommendations are just one application that we have built so far. We
also have a prototype that profiles retailers to build competitive intelligence ap-
plications. For example, by closely tracking the product offerings we can notice
changes in the positioning of a retailer. We can track changes in the industry as
a whole or specific competitors and compare it to the performance of retailers.
By profiling their aggregate offerings, our system can enable retailers to notice
changes in the positioning of product lines by competitor retailers and man-
ufacturers. This ability to profile retailers enables strategic applications such
as competitive comparisons, monitoring brand positioning, tracking trends over
time, etc.

10.3 Demand Forecasting

An important problem every retailer faces is demand forecasting. Using historical
sales data, retailers can forecast the sales for each product for some period in
the future. While this process is relatively simple for products that don’t change
over time or where the product cycles are long, it becomes difficult in the case
of fast-changing inventory. For example, forecasting the sales of Heinz ketchup
can be done by analyzing the sales of the same product in the past. In contrast,
a skirt that was sold last season doesn’t sell anymore and the sales data for that
skirt is not comparable with the new product lines for the coming season. Having
the semantic attributes of products lets retailers compare products and create
simlarities between them so that the historical sales data can be leveraged to
make predictions about the future.



Mining the Web to Add Semantics to Retail Data Mining 55

11 Conclusions and Future Work

We described our work on a system capable of inferring semantic attributes
of products enabling us to enhance product databases for retailers. The sys-
tem learns these attributes by applying supervised and semi-supervised learning
techniques to the product descriptions found on retailer web sites. One of the
main assumptions we make is the descriptions associated with the products
accurately convey the semantic attributes. We believe that this assumption is
justified because in most cases these descriptions are written by marketers to po-
sition the product in the consumer’s mind in a manner that implicitly suggests
these softer attributes. The system can be bootstrapped from a small number of
labeled training examples utilizes the large number of cheaply obtainable unla-
beled examples (product descriptions) available from retail websites.

In the prototype we have built at Accenture Technology Labs, we currently
have several applications for this type of a knowledge base. We use it to create
profiles of individuals that can be used for recommendation systems that im-
prove on traditional collaborative filtering approaches. The ability to infer the
semantics of products can also be used to profile a retailer’s positioning of their
overall product assortment, how it changes over time, and how it compares to
their competitors. Although the work described here is limited to the apparel
domain and a particular set of features, we believe that this approach is relevant
to a wider class of data mining problems. We believe that by going beyond the
immediately available data, such as the fact that a customer is looking at or
bought a product, and paying attention to what these products mean, we can
increase the effectiveness of data mining applications.
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Abstract. Item-based Collaborative Filtering (CF) algorithms have
been designed to deal with the scalability problems associated with tra-
ditional user-based CF approaches without sacrificing recommendation
or prediction accuracy. Item-based algorithms avoid the bottleneck in
computing user-user correlations by first considering the relationships
among items and performing similarity computations in a reduced space.
Because the computation of item similarities is independent of the meth-
ods used for generating predictions, multiple knowledge sources, includ-
ing structured semantic information about items, can be brought to bear
in determining similarities among items. The integration of semantic
similarities for items with rating- or usage-based similarities allows the
system to make inferences based on the underlying reasons for which a
user may or may not be interested in a particular item. Furthermore, in
cases where little or no rating (or usage) information is available (such
as in the case of newly added items, or in very sparse data sets), the
system can still use the semantic similarities to provide reasonable rec-
ommendations for users. In this paper, we introduce an approach for
semantically enhanced collaborative filtering in which structured seman-
tic knowledge about items, extracted automatically from the Web based
on domain-specific reference ontologies, is used in conjunction with user-
item mappings to create a combined similarity measure and generate
predictions. Our experimental results demonstrate that the integrated
approach yields significant advantages both in terms of improving accu-
racy, as well as in dealing with very sparse data sets or new items.

1 Introduction

The continued growth and increasing complexity of Web-based applications,
from e-commerce, to Web services, to dynamic content providers; has led to a
proliferation of personalization tools on a variety of sites. Personalized services,
such as recommender systems, help engage visitors, turn casual browsers into
customer, or help visitor to more effectively locate pertinent information. Col-
laborative filtering (CF) [2514l5I11] is one of the most successful and widely
used technologies in personalization and recommender systems.

Traditionally, CF-based systems compare a representation of an active user’s
preferences (such as explicit ratings on items or implicit navigational patterns)

B. Berendt et al. (Eds.): EWMF 2003, LNAI 3209, pp. 57-[76] 2004.
(© Springer-Verlag Berlin Heidelberg 2004
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with the historical records of past users to find the & most similar neighbors of
the active user. These historical records are then used to predict the preference
value of the active user on a particular, yet to be rated or visited, item; or to
recommend the top N items in which the user may be interested. Since the focus
of such systems is on comparing the correlations or similarities among users, they
are often referred to as user-based collaborative filtering systems.

Despite their success and popularity, traditional CF-based techniques suf-
fer from some well-known limitations [24]. One of the critical limitations is the
lack of scalability of the underlying memory-based k-nearest-neighbor approach
which requires that the neighborhood formation phase be performed as an on-
line process. For very large data sets this may lead to unacceptable latency for
providing recommendations. The scalability problems are further accentuated
when collaborative filtering is used in the context of Web usage data. In this
case, users’ browsing patterns are used to implicitly obtain measures of con-
tent preference. For frequent visitors the size of user or session vectors tends to
be much larger than in the case of e-commerce purchase patterns. Performing
user-user similarity computations in this context further degrades the system
performance.

Another important limitation of CF-based systems emanates from the sparse
nature of the underlying datasets. As the number of items in the database in-
creases, the density of each user record with respect to these items will decrease.
This, in turn, will decrease the likelihood of a significant overlap of visited or
rated items among pairs of users, resulting in less reliable computation of corre-
lations, and thus less reliable predictions.

Finally, a significant shortcoming of such systems is their inability to provide
recommendations or predictions for new or recently added items: a user’s rating
on a new item cannot be compared with the ratings of other users on the same
item. Furthermore, the system can never generate predictions for new items
which have not yet been visited or rated by (a sufficient number of) other users.
This problem is often referred to as the “new item problem”.

A number of optimization strategies have been proposed and employed to
remedy the scalability and sparsity problems associated with collaborative fil-
tering. These strategies include similarity indexing [1] to reduce real-time search
costs, and dimensionality reduction methods based on Latent Semantic Index-
ing (LSI) to alleviate the data sparsity in the user-item mappings [24]122]. Other
approaches have focused on model-based techniques which use machine learning
techniques, such as unsupervised clustering of user records [19] or supervised
classification models [5]. These approaches separate the offline tasks of creating
user models from the real-time task of recommendation generation, thus improv-
ing scalability. However, this is sometimes at the cost of lower recommendation
accuracy.

In the context of click-stream and e-commerce data, Web usage mining [20]
techniques, such as clustering and association rule discovery, that rely on offline
pattern discovery from user transactions, have been studied as an underlying
mechanism for personalization and recommender systems [I6/T7/I8]. Such tech-
niques generally provide both a computational advantage, as well as better rec-
ommendation effectiveness, than traditional CF-based techniques, particularly
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in the context of click-stream data. For a recent survey of personalization based
on Web usage mining see [21].

There has also been a growing body of work in enhancing collaborative filter-
ing by integrating data from other sources such as content and user demograph-
ics [6420J215]. Content-oriented approaches, in particular, can be used to address
the “new item problem” discussed above. Generally, in these approaches, key-
words are extracted from the content of Web pages and are used to recommend
other pages or items to a user, not only based on user ratings or visit patterns,
but also (or alternatively) based on the content similarity of these pages to other
pages already visited by the user. Keyword-based approaches, however, are inca-
pable of capturing more complex properties of, or relationships among, objects
at a deeper semantic level. Unstructured keyword-based representations often
result in a substantial amount of noise resulting in reduced recommendation
accuracy.

Recently, a new class of item-based CF algorithms has been proposed to deal
with the scalability problems in user-based CF algorithms [23I8]. Item-based CF
algorithms avoid the bottleneck in user-user computations by first considering
the relationships among items. Rather than finding user neighbors, the system
tries to find k similar items that are rated (or visited) by different users in some
similar way. Then, for a target item, predictions can be generated, for example,
by taking a weighted average of the target user’s item ratings (or weights) on
these neighbor items. Thus, these algorithms alleviate the scalability problem
that exists in user-based CF algorithms, because the similarity computations
are performed in the smaller space of the items, and because often the item-item
comparisons can be performed offline. At the same time, CF algorithms have
been shown to achieve prediction accuracies that are comparable to or even
better than user-based CF algorithms.

Item-based CF algorithms still suffer from the problems associated with data
sparsity, and they still lack the ability to provide recommendations or predictions
for new or recently added items. However, the item-based CF framework provides
the necessary ingredients to seamlessly incorporate other sources of evidence
about items (in addition to item ratings or weights). This flexibility comes from
the fact that the computation of item similarities is independent of the methods
used for generating predictions or recommendations, thus multiple knowledge
sources, including structured semantic information about items, can be used for
performing the similarity computations.

In this paper, we introduce an approach for semantically enhanced collabo-
rative filtering in which structured semantic knowledge about items, extracted
automatically from the Web based on domain-specific reference ontologies, is
used in conjunction with user-item ratings (or weights) to create a combined
similarity measure for item comparisons. In contrast to previous approaches to
hybrid content-collaborative systems that enhance user based CF [2l15], we in-
tegrate semantic knowledge into the item-based CF framework. The integration
of semantic similarities for items with rating (or usage-based) similarities pro-
vides two primary advantages. First, the semantic attributes for items provide
additional clues about the underlying reasons for which a user may or may not
be interested in particular items (something that is hidden behind the rating
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values in the usual context). This, in turn, allows the system to make inferences
based on this additional source of knowledge, resulting in improved recommen-
dation accuracy and coverage. Secondly, in cases where little or no rating (or
usage) information is available (such as in the case of newly added items, or
in very sparse data sets), the system can still use the semantic similarities to
provide reasonable recommendations for users. These claims are verified by our
experimental results, on two different data sets.

The rest of this paper is organized as follows. In Section 2] we provide the nec-
essary background information on the item-based collaborative filtering frame-
work. In Section B we discuss our semantically enhanced approach. In this sec-
tion we first discuss the problem of ontology-based extraction of class instances
in a particular domain and the structured representation of the extracted seman-
tic attributes for items. We then present our approach for combining semantic
and rating (or usage) similarity of items to generate predictions. In Section H]
we discuss the characteristics of our experimental data sets and present our ex-
perimental evaluation of the proposed approach. Finally, we conclude with a
summary of our findings and some directions for future work.

2 Background on Item-Based Collaborative Filtering

In a collaborative filtering (CF) scenario, generally we start with a list of m
users U = {uy,ug,...,Un}, alist of n items I = {iy,4s,...,4,}, and a mapping
between user-item pairs and a set of weights. The latter mapping can be repre-
sented as a m xn matrix M. In the traditional CF domain the matrix M usually
represents user ratings of items, thus the entry M, ; represents a user u,’s rating
on item 7;. In this case, the users’ judgments or preferences are explicitly given
by matrix M. Collaborative filtering can also be used in the context of Web
usage data. In that case, the set U may represent user sessions, some of which
may belong to the same user who has visited the site multiple times. For usage
data, generally, the entry M, ; represents an implicit weight associated with an
item (e.g., page or product) ¢; in a user session u,. This weight may be binary
(representing the existence or non-existence of the item in the user session), or
it may be based on the amount of time spent on the particular item during the
session.

For a given active user (also called the target user) u,, the task of a CF system
is to (1) predict M, ; for a given target item i, which has not already been visited
or rated by ug; or (2) recommend a set of items that may be interesting to user
Ug.-

In user-based CF algorithms, first a set of k nearest neighbors of the target
user are computed. This is performed by computing correlations or similarities
between user records (rows of the matrix M) and the target user. Then, different
methods can be used to combine the neighbors’ item ratings (or weights) to
produce a prediction value for the target user on unrated (or unvisited) items.
As noted in the introduction, a major problem with this approach is the lack
of scalability: the complexity of the system increases linearly as a function of
the number of users which, in large-scale e-commerce sites, could reach tens of
millions.
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In contrast, item-based CF algorithms attempt to find & similar items that
are co-rated (or visited) by different users similarly. This amounts to performing
similarity computations among the columns of matrix M. Thus, item-based CF
algorithms avoid the bottleneck in user-user computations by first considering
the relationships among items. For a target item, predictions can be generated
by taking a weighted average of the target user’s item ratings (or weights) on
these neighbor items.

2.1 Finding Similar Items (Item Neighbors)

The first step in computing the similarity of two items ¢, and ¢, (column vectors
in the data matrix M) is to identify all the users who have rated (or visited)
both items. Many measures can be used to compute the similarity between items.
The most common approach, when dealing with Web usage data, is to use the
standard cosine similarity between two vectors:

where Mj, , represents the weight associated with item ¢, in the session (or user)
vector k.

For ratings data, however, variances in user ratings styles must be taken into
account. For example, in a movie rating scenario, with a rating scale between 1
and 5, some users may give a rating of 5 to many movies they consider to be
“good”; while other more “strict” raters may only give a rating of 5 to those
movies they consider “perfect”. To offset the difference in rating scales, the
data can be normalized to focus on rating variances (deviations from the mean
ratings) on co-rated items. For our purposes, when dealing with ratings data, we
adapt the Adjusted Cosine Similarity measure introduced by Sarwar et al. [23]:
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where My, represents the rating of user k on item iy, and M} is the average
rating value of user k£ on all items.

2.2 Computing Predictions

After computing the similarity between items, we select a set of k most similar
items to the target item and generate a predicted value for the target item. We
use a weighted sum as follows.
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Here, M, ; denotes the prediction value of target user u, on target item 7;. Only
the k most similar items (k nearest neighbors of item i;) are used to generate
the prediction.

Despite their effectiveness, item-based CF algorithms still suffer from the
problems associated with data sparsity, and they still lack the ability to provide
recommendations or predictions for new or recently added items. To deal with
these problems, we introduce an approach for semantically enhanced collabo-
rative filtering in which structured semantic knowledge about items, extracted
automatically from the Web, is used in conjunction with user-item ratings (or
weights) to create a combined similarity measure for item comparisons. This
approach is discussed in the next section.

3 Using Semantic Knowledge to Enhance Collaborative
Filtering

In this section, we first discuss the issue of extracting structured semantic at-
tributes from the Web to populate instances of domain-specific ontology classes
corresponding to items. We then present our approach to integrate the extracted
semantic knowledge into the item-based collaborative filtering framework.

3.1 Extracting Domain Semantics from the Web

In order to obtain semantic information about items used in the collaborative
filtering process, we must extract domain-level structured objects as semantic
entities contained within Web pages on one or more Web sites. This task in-
volves the automatic extraction and classification of objects of different types
into classes based on an underlying reference domain ontology.

An ontology provides a set of well-founded constructs that define signifi-
cant concepts and their semantic relationships. An example of an ontology is a
relational schema for a database involving multiple tables and foreign keys se-
mantically connecting these relations. Such constructs can be leveraged to build
meaningful higher level knowledge in a particular domain. Domain ontologies
for a Web site usually include concepts, subsumption relations between con-
cepts (concept hierarchies), and other relations among concepts that exist in
the domain represented by the Web site. In this paper, we do not directly deal
with the problems of automatic ontology acquisition and learning. Rather, we
assume the existence of a pre-defined reference ontology for a specific domain
based on which the semantic attributes of items can be extracted. Our goal is to
use this semantic knowledge about items together with item ratings (or weights
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Fig. 1. Portion of the ontological representation for a movie Web site

in the context of Web usage data) to create a combined similarity measure for
item-based collaborative filtering.

The problem of extracting instances of the ontology classes from Web pages
is an interesting problem in its own right and has been studied extensively. This
process can be viewed as the classification of objects embedded in one or more
Web pages into classes specified as part of a reference ontology. For example,
in [T0] a text classifier is learned for each “semantic feature” based on a small
manually labeled data set. First Web pages are extracted from different Web sites
that belong to a similar domain, and then the semantic features are manually
labeled. This small labeled data set is fed into a learning algorithm as training
data to learn the mappings between Web objects and concept labels. Craven et
al. [7] adopt a combined approach of statistical text classification and first-order
text classification in recognizing concept instances. In that study, the learning
process is based on both page content and linkage information. The problems
and issues related to using ontologies in the context of Web mining has been
discussed in [3].

In our approach, we have used domain-specific wrapper agents that use text
mining and heuristic rules to extract class and attribute instances from Web sites
based on a pre-specified reference ontology. At the present time, we do not use a
general ontology representation language, such as DAML+OIL [12]. Rather, we
represent the ontology classes as part of the schema for a relational database. Our
simple representation scheme does not take into account complex relationships
among classes (such as inheritance), but is adequate for specifying the attributes
associated with classes (relations). Our wrapper agents use the relational schema
for classes and simple heuristics based on textual cues to extract attribute values
and populate instances of these classes (tuples). In the future, we intend to
extend our work by incorporating more general ontology languages that can
capture (and allow reasoning with) a richer set of structural relationships among
classes and objects. The implementation details of the wrapper agents is beyond
the scope of the present work and will be discussed elsewhere.

As an example, let us consider a movie Web site such as the Internet Movie
Database (www.imdb.com). This Web site includes a collection of pages con-
taining information about movies, actors, directors, etc. A collection of pages
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describing a specific movie might include attribute information such as the movie
title, genre, actors, director, etc. These represent the attributes associated with
a class that represents movies in our reference ontology. A domain ontology for
this site may contain the classes Movie, Actor and Director along with their
attributes. In our representation, some of the attributes represent properties of
a given class and others represent reference slots corresponding to other classes.
For instance, the “Actor” attribute of the Movie class represents a reference
to the class (relation) Actor and, in the relational representation, is specified
as a foreign key in the Movie relation. Figure [I] depicts the class Movie and
its attributes. An actor or director’s attribute information may include name,
filmography (a set of movies), gender, nationality, etc. The dotted arrows in at-
tributes such as “Actor” and “Director” indicated that they represent references
to other classes in the ontology. The collection of Web pages in the site represent
a group of embedded objects that are the instances of these classes.

In order to facilitate the computation of item similarities, generally, the ex-
tracted class instances will need to be converted into a vector representation. In
our case, the values of semantic attributes associated with class instances are
collected into a relational table whose rows represent the n items, and whose
columns correspond to each of the extracted attributes. Additional preprocess-
ing tasks, such as normalization and discretization (for continuous attributes),
can be performed on the data in order to provide a uniform representation. This
process generally results in the addition of attributes, for example, representing
different intervals in a continuous range, or representing each unique discrete
value for categorical attributes in the original data. The final result is a n x d
matrix S, where d is the total number of unique semantic attributes. We call
this matrix the semantic attribute matriz.

3.2 Integrating Semantic Similarity with Collaborative Filtering

As noted earlier, the item-based CF framework provides a computational ad-
vantage over user-based approaches, since item similarities can be computed
offline, prior to the online task of generating recommendations. But, this frame-
work also provides another important advantage. Since the computation of item
similarities is independent of the methods used for generating predictions or
recommendations, other sources of evidence about items (in addition to item
ratings or weights) can be used for performing the similarity computations.

The integration of semantic similarities for items with rating (or usage-based)
similarities provides two primary advantages. First, the semantic attributes for
items provide additional clues about the underlying reasons for which a user may
or may not be interested in particular items (something that is hidden behind
the rating values in the usual context). This, in turn, allows the system to make
inferences based on this additional source of knowledge, possibly improving the
accuracy of recommendations. Secondly, in cases where little or no rating (or
usage) information is available (such as in the case of newly added items, or
in very sparse data sets), the system can still use the semantic similarities to
provide reasonable recommendations for users.
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In the following we describe our approach for integrating semantic similarities
into the standard item-based collaborative filtering framework. Our approach in-
volves first performing latent semantic analysis on the semantic attribute matrix
obtained using the process described in Section B This is necessary in order
to reduce noise and to collapse highly correlated attributes. We then compute
item similarities, both based on the reduced semantic attribute matrix, as well
as based on the user-item ratings (or usage) matrix. Finally, we use a combined
similarity measure, as a linear combination of the two similarities to perform
item-based collaborative filtering.

Using Latent Semantic Analysis on Semantic Attributes. Latent Seman-
tic Indexing (LSI) [4] is a dimensionality reduction technique which is widely used
in information retrieval (IR). Many IR applications have shown that performing
latent semantic analysis, including in document indexing, can improve the ac-
curacy of information retrieval. Given a term-document frequency matrix, LSI
is used to decompose it into two matrices of reduced dimensions and a diagonal
matrix of singular values. Each dimension in the reduced space is a latent vari-
able (or factor) representing groups of highly correlated index terms. Reducing
the dimensionality of the original matrix reduces the amount of noise in the data
as well as its sparsity, thereby, improving retrieval based on the computation of
similarities between the indexed documents and user queries. Here we apply this
idea to create a reduced dimension space for the semantic attributes associated
with items.

Singular Value Decomposition (SVD) is a well known technique used in LSI
to perform matrix decomposition. In our case, we perform SVD on the semantic
attribute matrix S, x4 by decomposing it into three matrices:

Snxd = Un><r L4 ETXT ® Virxd

where U and V are two orthogonal matrices; r is the rank of matrix S, and X
is a diagonal matrix of size r x r, where its diagonal entries contain all singular
values of matrix S and are stored in decreasing order. One advantage of SVD is
that it provides the best lower rank approximation of the original matrix S [4].
We can reduce the diagonal matrix X into a lower-rank diagonal matrix Xy«
by only keeping k (k < r) largest values. Accordingly, we reduce U to U’ and
V to V'. Then the matrix S’ = U’ @ X’ ¢ V' is the rank-k approximation of the
original matrix S.

In the above process, U’ consists of the first & columns of the matrix U
corresponding to the k highest order singular values. In the resulting semantic
attribute matrix, S’, each item is, thus, represented by a set of k latent variables,
instead of the original d attributes. This results in a much less sparse matrix,
improving the results of similarity computations, as well as the computational
cost associated with the process. Furthermore, the generated latent variables
represent groups of highly correlated attributes in the original data, thus poten-
tially reducing the amount of noise associated with the semantic information.
As we will illustrate in the next section, performing latent semantic analysis on
the semantic space, generally leads to substantial gains in prediction accuracy
based on the semantic attributes.
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Predictions Based on a Combined Similarity Measure. The semantic
similarity measure SemSim(iy,iq), for a pair of items i, and ig, is computed
using the standard vector-based cosine similarity on the reduced semantic space.
This process can be viewed as multiplying the matrix S’ by its transpose and
normalizing each corresponding row and column vector by its norm. This results
in a n X n square matrix in which an entry ¢,j corresponds to the semantic
similarity of items ¢ and j.

Similarly, we compute item similarities based on the user-item matrix M. As
noted in Section 2] in the case of usage data, we use the cosine similarity measure.
In the case of ratings data (such as movie ratings) we employ the adjusted cosine
similarity in order to take into account the variances in user ratings. We denote
the rating (or usage) similarity between two items i, and i, as RateSim(ip,iq).

Finally, for each pair of items ¢, and i,, we combine these two similarity
measures to get CombinedSim as their linear combination:

CombinedSim(ip,iq) = a - SemSim(ip,iq) + (1 — ) - RateSim(ip, iq)

where « is a semantic combination parameter specifying the weight of semantic
similarity in the combined measure. If & = 0, then CombinedSim(i,,i,) =
RateSim(ip, i4), in other words we have the standard item-based filtering. On the
other hand, if @ = 1, then only the semantic similarity is used which, essentially,
results in a form of content-based filtering. Finding the appropriate value for
« is not a trivial task, and is usually highly dependent on the characteristics
of the data. We choose the proper value by performing sensitivity analysis for
particular data sets in our experimental section below.

In order to compute predicted ratings or recommendations, we use the
weighted sum approach discussed in Section 21 Specifically,

(M, ; x CombinedSim(i;,i;))
J
Ma t = ’

’ k
> sim(iy, it)
j=1

k
=1

where, M, ; denotes the prediction value of target user u, on target item ¢;.

4 Experimental Evaluation

In this section we compare the semantically enhanced and standard item-based
collaborative filtering in the context of two different data sets. In the first case,
we focus our attention to the traditional context in which collaborative filtering
is used, namely that of item ratings. For this purpose we choose the domain of
movies and user’s ratings of these movies. Secondly, we apply our approach to
Web usage data. Specifically, we have chosen a real estate Web site containing
information about various residential properties. While these data sets are quite
different, the experimental results in this section demonstrate that the integrated
approach yields advantages both in terms of improving accuracy, as well as in
resolving some of the shortcomings associated with traditional approaches.
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In each case, the data set was divided into random training and test sets.
The training sets were used to build the models while the test sets were used
to generate and evaluate recommendations. To assure statistical accuracy, this
process was repeated five times for different random partitionings of the data.
Unless otherwise specified, all of the results reported in this section represent
averages over the five folds.

4.1 Data Sets and Evaluation Metrics

For the movie data set we used the ratings data from the MovieLens recom-
mendation system (www.movielens.org). This data set contains 100,000 ratings
on 1682 movies from 943 users. Each user has rated 20 or more movies with a
rating scale of 1 to 5. We used our own wrapper agent to extract movie instances
from the Internet Movie Database (www.imdb.com) based on the movie ontol-
ogy depicted in Figure[l Specifically, each instance was populated with semantic
attributes, including movie title, release year, director(s), cast, genre, and plot.

The extracted instances were then converted into a binary table in standard
spreadsheet format, where each row represents a movie, and each column rep-
resents a unique attribute value. For attributes involving continuous data types
(such as “price” and “year”) we performed discretization to generate a set of
intervals as attributes. Similarly, for attributes involving a concept hierarchy,
each concept node was represented as a unique attribute. This process resulted
in a table representing each movie as an attribute vector with 2762 dimensions.
Prior to computing the semantic similarity among movies, singular value decom-
position was performed on the data, using different SVD dimensions, resulting in
the corresponding semantic similarity matrices. The generated similarity matri-
ces where then used in our experiments along with the rating similarities among
movies, computed from the original ratings data.

To measure the accuracy of the recommendations we computed the standard
Mean Absolute Error (MAE) between ratings and predictions in the test data
sets. Specifically, given the set of actual/predicted rating pairs (a;, p;) for all the
n movies in the test set, the MAE is computed as:

MAE = Zi:l |ai _p74|
n

Note that lower MAE values represent higher recommendation accuracy. In this
case, the ratings are based on a discrete scale of 1 (lowest) to 5 (highest). Thus,
the maximum possible value for MAE is 4 (indicating a maximum possible error
on all predictions).

In the case of the real estate data, we started with the raw Web usage data
from the server logs of a local affiliate of a national real estate company. The
primary function of the Web site is to allow prospective buyers visit various Web
pages containing information related to some 300 residential properties. The por-
tion of the Web usage data during the period of analysis contained approximately
24,000 user sessions from 3800 unique users. The preprocessing phase for this
data was focused on extracting a full record for each user of properties she vis-
ited. This required performing the necessary aggregation operations pageviews
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Fig. 2. Portion of the ontology for the class “Property” in the real estate Web site

in order to treat a property as the atomic unit of analysis. In addition, the visit
frequency for each user-property pair was recorded, since the number of times a
user comes back to a property listing is a good measure of that user’s interest
in the property. Finally, the data was filtered to limit the final data set to those
users that had visited at least three properties. In our final data matrix, each
row represented a user vector with properties as dimensions and visit frequencies
as the corresponding dimension values.

To automatically extract semantic information about the properties, we used
a reference ontology for the domain depicted in Figure Pl In this case, our on-
tology only contained a single class called “property.” The figure only shows a
subset of the attributes associated with “property” that were used for comput-
ing semantic similarities. An example of an instance of this class is also depicted
in Figure 2] (dotted arrows show the mapping between each attribute and the
corresponding attribute value in the extracted instance). Using a wrapper agent
based on this reference ontology, the attribute values for each property instance
were extracted directly from pages related to that property on the Web site. The
discretization and normalization process described above for the movie data was
also applied in this case resulting in final set of 120 unique attribute dimensions
for each property vector. We then applied singular value decomposition to gen-
erate different semantic similarity matrices that were used in our experiments.

In contrast to the movie data set, this usage data does not involve item
ratings. Thus, the standard MAE measure is not the appropriate approach for
determining the accuracy of predictions. Instead we use the notion of hit ratio
in the context of top-N recommendations. For each user, we randomly held one
visited property as test data and used the rest as training data. The recom-
mendation algorithm generates the top N recommended properties in the test
set. If the previously held property appears in the recommendation set, this is
considered a hit. We defined the Hit Ratio as the total number of hits divided
by the total number of users in the test set.

It should be noted that the hit ratio increases as the value of N (number of
recommendations) increases. Thus, in our experiments, we pay especial attention
to a smaller number of recommendations (between 1 and 10) that result in good
hit ratios.
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Fig. 3. Prediction accuracy for semantically enhanced recommendations v. standard
item-based collaborative recommendations

4.2 Experiments with Movie Ratings Data

Figure Bl depicts the prediction accuracy of our semantically enhanced recom-
mendations in contrast to those produced by standard item-based collaborative
filtering. Here the MAE has been plotted with respect to the number of neigh-
bors (similar items) in the k-nearest-neighbor algorithm. In both cases, the MAE
converges between 80 and 100 neighbors, however, the semantically enhanced
approach results in an overall improvement in accuracy.

A more telling picture emerges when we compare the range of values for the
semantic combination parameter «. Recall that « is the parameter determining
the degrees to which the semantic and rating similarities are used in the gener-
ation of neighbors. When a = 0, then only semantic similarity among items is
used, while v = 1 represents the other side of the spectrum where only rating
similarity is used (i.e., standard item-based recommendations). Figure [ serves
two purposes. First, it shows the impact of « on MAE, and secondly, it shows the
impact of performing singular value decomposition (in this case, 100 dimensions)
on the semantic data prior to computing similarities.

Applying SVD provides a two-fold advantage. On the one hand, SVD gen-
erally results in much better computational performance during tasks such as
similarity computations or clustering. On the other hand, as clearly indicated by
these results, it results in a general improvement in recommendation accuracy
(most likely due to a reduction in noise). In the SVD case, the optimum value
of o is around 0.40 which is also the point at which performing SVD has the
largest impact. Note that at & = 1, results for SVD-100 and no SVD are the
same, since in that case the semantic similarity matrix is not taken into account.
Interestingly, the results also show that in this data set using only semantic at-
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Fig. 4. Impact of the semantic combination parameter and SVD-based dimensionality
reduction on recommendation accuracy

tributes (o = 0) results in recommendations whose quality are in par with (or
better) than recommendations based on rating similarities. However, it is clear
that the combination of semantic and rating similarities provides an advantage
over both of these boundary conditions.

As noted earlier, one of the problems associated with traditional collabora-
tive filtering algorithms emanate from the sparsity of data sets to which they are
applied. This sparsity has a negative impact on the accuracy and predictability
of recommendations. This is one area in which, we believe, the integration of
semantic knowledge with ratings data can provide significant advantage. To test
this hypothesis, we created multiple training/test data sets in which the pro-
portion of the training data to the complete ratings data set was changed from
90% to 10%. These proportions have a direct correspondence with the level of
sparsity in the ratings data. In the case of each of the combination parameter
values, we created five random training and test data sets and computed average
MAFE’s over the five folds. We then computed the average improvement in MAE
achieved by the semantically enhanced method over the standard item-based CF
approach.

Figure [ depicts these results for the SVD-100 data using a combination
parameter o = 0.4. While the overall recommendation accuracy drops as the
proportion of training data is reduced (not shown), the results indicate that,
generally, for sparser data sets, the semantic approach achieves larger improve-
ments. As might be expected, this improvement starts to converge to 0 for very
sparse data sets. This is because for very small training sets, neither approach
can generate a reasonable number of recommendations. However, for up to a
training ratio of 30%, the semantic approach provides improvements of up to
20% in MAE scores.
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Fig. 5. Improvement in MAE for different test/train ratios (using 100 SVD dimensions
and a = 0.4)

As a final experiment with the movie data set, we focused our attention on
another common problem with CF-based approaches, namely, the “new item”
(“cold start”) problem: since there are no ratings for new items, standard item-
based algorithm cannot find item neighbors using rating similarity and fail to
give predictions. Our goal here was to determine the degree to which semantic
information from the domain can help produce accurate recommendations in the
absence of any available ratings data for new items.

To achieve this goal we chose all movies which only received one rating and
held these ratings as the test data. The actual movies in the selected data set were
predominantly those that were very recently released (relative to the last date
captured by the data). Thus, the sample closely modeled the conditions under
which newly added items are considered for recommendation. In the training
data, these movies received no ratings at all, and thus they were considered to
be “new items”. We compared our algorithm to a baseline algorithm, in which
each user’s average rating from training data was used as the prediction for “new
items” in test data. These results are depicted in Figure[@. They show that, at all
neighbor size levels, our algorithm can provide more accurate predictions than
the baseline case.

4.3 Experiments with Real Estate Usage Data

As our first experiment with the Reality data, we compared the hit ratio of the
semantically enhanced approach at different combination parameters for both
the complete data set and the 40-dimension SVD data set. These results are
depicted in Figure [7] In this case we only focused on the Top 10 recommendations
generated by the algorithm.
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Fig. 6. Using semantically enhanced predictions for new (previously unrated) items
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Fig. 7. Impact of semantic combination parameter for the top 10 recommendations in
the real estate usage data

The results suggest similar conclusions to those observed in the movie data
set. First, in general, singular value decomposition has an even more dramatic
impact in this case; more so when the focus is shifted to the semantic informa-
tion (« close to 0) as opposed to usage data. In fact, we see that in this data
set, without performing SVD on the semantic attribute matrix, the combined
approach does not improve accuracy when compared to pure usage-based recom-
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Fig. 8. Improvement of the semantically enhanced recommendations over content-only
and usage-only recommendations

mendations. This may be an indication that many different attributes contribute
to the type of property in which visitors show interest. Applying SVD results
in a smaller number of latent factors by combining multiple attributes. These
factors, individually, may be more predictive in determining user interests than
the more fine grained attributes. As can be seen, with SVD the semantic ap-
proach results in significant improvements over both usage-only and content-only
recommendations, particularly at a combination parameter o = 0.7.

Next, we measured the hit ratio improvement achieved by our algorithm
(with semantic combination parameter o = 0.7), over the two boundary cases
when only usage-based similarity (o« = 1) or only semantic similarity (o = 0) are
used to generate recommendations. Figure Bldepicts these results. The combined
similarity measure achieved between 20% to 37% improvement over the semantic-
only recommendations (i.e., over pure content-based filtering). In the case of
usage-based recommendations, we observe that with recommendation sets of
size less than 20, the combined approach always achieved better Hit Ratio. The
improvement is particularly significant for small values of N. Indeed, in real
situations, we are interested in few, but accurate recommendations, and this is
precisely where the semantically enhanced approach seems to provide the most
advantage.

5 Conclusions and Future Work

In this paper we have extended the item-based collaborative filtering framework
by integrating structured semantic information about items for similarity com-
putations. We have used domain-specific reference ontologies to automatically



74 B. Mobasher, X. Jin, and Y. Zhou

extract such features from the Web and populate class instances. Our enhanced
similarity measure combines domain-based semantic item similarities with item
similarities based on the user-item mappings. Our experimental results show that
the semantically enhanced approach improves the prediction accuracies, while
maintaining the computational advantages of item-based CF. In the context of
Web usage and e-commerce data, the improvements are even more significant,
particularly when focusing on a small number of recommendations.

The application of latent semantic analysis to the extracted semantic fea-
tures, which reduces noise in the data, further improves the results when the
hybrid approach is compared to usage-only or semantic-only recommendations.
Furthermore, we have experimentally shown that, for new, unrated items, our
approach can produce reasonably accurate recommendations, thus alleviating
the “new item problem” associated with standard collaborative filtering. Our
experiments also suggest that the integrated approach provides better quality
predictions in the face of very sparse ratings or usage data.

An interesting area of current and future work is to use the characteristics of
the domain together with machine learning techniques to automatically deter-
mine the semantic combination parameter (i.e., the degree to which the seman-
tic similarity is combined with the item similarities based on ratings or usage).
We will also further study the impact of using other approaches for measuring
semantic similarities which take into account the structure of the underlying do-
main ontologies. Of particular relevance in this context is the work of Ganesan
et al. [9 on using hierarchical structures in computing similarities, and that of
Hotho et al. [I3] on ontology-based text clustering.
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Abstract. The paper describes an approach to automatically mapping
Web pages onto ontology using document classification based on the Ya-
hoo! ontology of Web pages. Techniques developed for learning on text
data are used here on the hierarchical classification structure (ontology
of Web documents). The high number of features is reduced by taking
into account the hierarchical structure and using feature subset selec-
tion developed for the Naive Bayesian classifier. We focus on data sets
with many features that also have a highly unbalanced class distribution.
Documents are represented as word-vectors that include word sequences
of up to five consecutive words. Based on the hierarchical structure the
problem is divided into subproblems, each representing one on the cat-
egories included in the Yahoo! hierarchy. The resulting model is a set
of independent classifiers, each used to predict the probability that a
new document is a member of the corresponding category represented
as a node in the hierarchy. Our example problem is automatic docu-
ment categorization where we want to identify documents relevant for
the selected category. Usually, only about 1%-10% of examples belong to
the selected category. Experimental evaluation on real-world data shows
that the proposed approach gives good results. Our experimental com-
parison of eleven feature scoring measures show that considering data
and algorithm characteristics significantly improves the performance.

1 Introduction

Web page ontology can be defined in different ways depending on the objective
of the ontology. This Chapter addresses ontology of Web documents, where the
documents themselves are organized in a content hierarchy, with more general
nodes placed closer to the root of the hierarchy. Each node is labeled by a set
of keywords describing the content of documents that are placed in the node.
Each document is described by a one-sentence summary including a hyperlink
that points to the actual Web document located somewhere on the Web. As
manual construction and maintenance of such an ontology is time consuming,
we have addressed a related subproblem of automatically assigning a set of the
most relevant nodes from the existing ontology to a new text document.

B. Berendt et al. (Eds.): EWMF 2003, LNAI 3209, pp. 77-@8] 2004.
(© Springer-Verlag Berlin Heidelberg 2004
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For this task we have adopted text mining methods in particular using ma-
chine learning classification algorithm Naive Bayes on text data, where the data
is obtained from the publicly available Web page ontology Yahoo [I]. The clas-
sification algorithm is applied on word-vector representation of Web documents,
where each word from the document (also referred to as an example) corresponds
to a vector component (usually referred to as a feature). In general, features used
to describe examples are not necessarily all relevant and beneficial for the task
in hands. Additionally, a high number of features may slow down the process
while giving similar results as obtained with a much smaller feature subset. Fea-
ture subset selection is commonly used when classifying text data, since most
text data is characterized by several tens of thousands of features. Moreover,
our experiments show that using the proposed feature subset selection improves
the performance of our approach enabling better mapping of Web pages on the
existing ontology.

Architecture of the system is described in Section Bl Section Bl describes the
process of constructing word sequences that are used for describing content of
text documents. Section @]gives description of the process used to select subsets of
words using several known and some new scoring measures. Data characteristics
are given in Section Bl Experimental comparison of the tested measures on real-
world data is given in Section [ The results are discussed in Section [7l

2  Architecture of the System

Input to our system is an ontology of Web documents, where the ontology
contains only hyperlinks to the Web documents while the documents themselves
are located all over the Web. The ontology is organized as a content hierarchy,
with more general nodes placed closer to the root of the hierarchy (see Section[Hl
for data description). The ontology itself is represented with a set of Web doc-
uments located at the ontology site, here referred to as Yahoo Web documents.
For each ontology node there is a Yahoo Web document containing;:
— the node name - a set of keywords describing the content of documents that
are placed in the node,
— a set of hyperlinks to the other ontology nodes,
— a set of hyperlinks to the actual Web documents with a short content de-
scription for each of them.

Output of the system is a model represented as a set of classifiers. The
model is used for inserting a new Web document into the ontology, so that for a
new Web document it returns a ranked list of the best fitting ontology nodes. If
the top node in the ranked list has very low score (low probability that the new
documents belongs to it), this indicates the need for extending the ontology. The
whole system consists of four phases, as shown in Figure [T}
feature construction used to transform the text document given in html for-

mat to word-vectors as described in Section [3,
subproblem definition that takes the documents organized into ontology and

forms a set of weighted training examples for each ontology node
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feature selection used to reduce dimensionality of the training examples, this
is specific to each node

classifier construction that for each node takes the set of associated training
examples and constructs a classifier

documents represented n-gram prob. distribution selected n-grams

html documents representing
by frequent n-grams for each category prob. distribution

Yahoo categories
- Feaure | ——

Subproblems| ———|  Featwe |———| Classifier

construction

selection

definition

construction

Classification

set of classifiers
(one for each category)

Fig. 1. Arichitecture of the system for automatically mapping documents onto an
existing ontology.

The documents organized in the existing ontology are used as training exam-
ples for the classifier construction that models the mapping of documents into
different parts of the ontology. The feature construction phase takes html
documents, generates new features (word sequences) and represents each html
document as a word-vector of that features. In the subproblem definition
phase a binary classification problem is defined for each node in the ontology
(hierarchy). Each problem is handled separately, applying feature selection
and classifier construction. The final model consists of a set of classifiers, one
for each ontology node. The model is used for classification (mapping) of a new
document onto a set of nodes, so that we get a subset of the ontology nodes
ranked according to the probability that the new document should be mapped
onto each of them.

The classifier construction is performed using the Naive Bayesian classifier
base on the multinomial event model as suggested in [2] Notice that the product
goes over all word sequences that occur in the representation of document Doc.

P(ClDoe) = F O ;o P )T 520
Zi P(Oi)HWleDocP(Wl|Oi)TF(Wl>D0C)

Where P(W;|C) is the conditional probability here estimated using Laplace
probability estimate, TF'(W;, Doc) is the frequency of word W; in document
Doc. Notice that using word sequences instead of only single words means even
stronger violation of the feature independence assumption used in the Naive
Bayesian classifier.
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3 Using Word Sequences

In our approach, each document is represented as a word-vector, where one
vector component referred to as a feature, reflects the number of occurrences
of a word or a word sequence in the document. Features are generated using
an algorithm [3] similar to the Apriori algorithm [4] used for association rule
generation.

We use word sequences, also known as n-grams, to form the new features.
We generate features that represent up to five words (l-grams, 2-grams, ...5-
grams) occurring in a document as a sequence (eg. ‘machine learning’, ‘world
wide web’). We interleaved this feature generation with the feature selection
using “stop-list” with common English words and removal of infrequent features.
First we remove words contained in the “stop-list” (eg. a, the, for, each, at, will,
be) enabling some features that represent a word sequence to actually capture
longer sequences. For instance, ‘Word for Windows’ that is represented as a 2-
gram ‘Word Windows’ or ‘winners will be posted at the end of each two-week
period’ that is represented as a 5-gram ‘winners posted end two-week period’. We
additionally reduce the high number of features by pruning infrequent features.
Infrequent features are here defined as features (word sequences) that occur
less than 4 times. By using word sequences we can capture some characteristic
word combinations and also increase the number of features. For example, in
the whole Yahoo hierarchy (without a top category ‘Regional’) that we use for
automatic document categorization the number of features has increased from
317,522 features representing single words (before removing infrequent features)
to 1,410,303 features (before removing infrequent features) representing word
sequences containing 1 or 2 words.

The process of feature generation is performed in passes over documents,
where i-grams are generated in the i-th pass only from the candidate features
of length i-1 generated in the previous pass. This process is similar to the large
k-itemset generation used in association rules algorithm [4]. In Figure [2 we give
Algorithm for the generation of new features. In the first pass all single words
not contained in the “stop-list” and having sufficient frequency (here we check
for term frequency > 3) are taken LargeNGramSet. Word sequences of size 2 up
to MaxNGramSize (here we take MaxNGramSize = 5) are generated using several
pruning criteria. In each pass, all documents are checked one by one using a
window NGramQueue to get a sequence of words. Before the next word is added
to the window (a window is moved one word to the right) the word is checked
for being a proper word (not a number or a special symbol), for not being in
the “stop-list” StopWordSet and for being included in the current set of word
sequences LargeNGramSet. The window is reset when the next word is not a
proper word or is not included in the set of word sequences generated so far.

Variables used in Algorithm in Figure [2}
Input variables:

MinNGramOcc - minimal occurrences of N-Gram to become large N-Gram
MaxNGramSize - maximal size of N-Grams
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StopWordSet - set of stop words (language dependent)
DocVec - vector of documents (DocVec[1], ..., DocVec[|DocVec|])
SymVec - vector of document lexical symbols (SymVec[1], ..., SymVec[|SymVec]|])

Temporary variables:

Sym - lexical symbol in document (possible value types: word, number, symbol)
CandNGramMap - mapping from candidate N-Gram to its occurrence counter
NGramQueue - queue (window) of last NGramSize words (excluding StopWordSet)

Output variables:
LargeNGramSet - set of large N-Grams (occurring > MinNGramOcc times)

Algorithm (C like pseudo-code):

1. LargeNGramSet = all single words in DocVec, not in StopWordSet and
2. occurring > MinNGramOcc times;
3. for NGramSize = 2 to MaxNGramSize do {
4. CandNGramMap=[];
5. for SymVec = DocVec[1] to DocVec[|DocVec|] do {
6. NGramQueue=]];
7. for Sym = SymVec[1] to SymVec[|SymVec|] do {
8. if (TypeOf(Sym)==word){
9. if (Sym not in StopWordSet){
10. if Sym in LargeNGramSet then {
11. if ([INGramQueue|4+1==NGramSize){
12. if (Concatenated(NGramQueue) in LargeNGramSet){
13. NGramQueue.Push(Sym);
14. CandNGramMap[Concatenated (NGramQueue)]++;
15. NGramQueue.Pop();
16. } else {NGramQueue.Push(Sym); NGramQueue.Pop();}
17. } else {NGramQueue.Push(Sym);}
18. } else {NGramQueue=[J;}
19. } /* if (Sym not in StopWordSet) */
20. } else {NGramQueue=[];}
21. }; /* for Sym */
22. }; /* for SymVec */
23.  LargeNGramSet += {NGram:CandNGramMap[NGram] > MinNGramOcc};
24. }
25. return LargeNGramSet;

Fig. 2. Algorithm for the generation of features representing word sequences (n-grams).
Please notice that NGramQueue is a queue and not a stack. The generated features are
used in enriched bag-of-words document representation.
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For illustration, we show in Figure B] the accumulated number of features
during the described process of feature generation on Yahoo documents that
compose the whole Yahoo hierarchy. The left hand-side graph shows for each
pass of the i-gram generation the influence of the number of included Yahoo
documents to the number of new features. For example, in the first pass (the
lowest curve in the left hand-side of Figure Bl) about 100,000 features are gen-
erated after including 20,000 documents, about 200,000 features after including
30,000 documents and about 320,000 features after including all 49,600 docu-
ments. After reducing the number of features by pruning infrequent features we
get about 70,000 features representing single words (1-grams) to start with in
the second pass over documents. In the second pass (the steepest curve in the
left hand-side of Figure B) all pairs of words (2-grams) that appear in the doc-
uments and consist of words included in the set of 1-grams are added. As can
be seen from Figure B the second pass adds many infrequent features resulting
with more than 1,400,000 features that after pruning infrequent features reduce
to about 200,000 features. We stop with 5-grams since, in the fifth pass only
about 10,000 features are added (the almost flat curve in the left hand-side of
Figure @) and about 6,000 of them are deleted as infrequent features. The right
hand-side graph in Figure [l shows the same process of feature generation over
time. Influence of pruning infrequent features after each pass is even more evi-
dent here. It can be also clearly seen that the highest number of features is added
in the second pass where 2-grams are generated, while in the fifth pass the curve
showing the increasing number of features is almost flat (the right most part of
the right hand-side graph in Figure B)).

Generation of new features on Yahoo documents in 5 passes Generation of new features on Yahoo documents in 5 passes
T T T T T T T T T T T T T T

1.6e+06

1.66406

1.4e406 - 1-gram ---- g 140406 |-

126406 5-gram -~ 4 1.26406

16406 - 4 16406 |-

2 800000 800000 -
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Features
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200000 [ B 200000 |
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Yahoo documents (categories) Time used for generation of features

Fig. 3. Influence of included Yahoo documents to the accumulated number of features
(left hand-side graph) and the process of feature generation (right hand-side graph).
Notice that the two graphs represent the same results in two different ways. At the end
of each pass over documents all the features that occur less than 4 times are deleted.



Mapping Documents onto Web Page Ontology 83

4 Selecting Subset of Words

Selecting subset of words to be used to describe content of documents is based
on the idea of selecting subset of features commonly used in machine learning.
When dealing with text data, we can easily have several tens of thousands of
different words (features). Thus the whole process of feature subset selection is
simplified by the assumption of feature independence. In this way the solution
quality is traded for the time needed to find a solution, justified by the large
number of features usually present in text data. Basically, a scoring is applied to
each feature and the features are sorted according to the assigned score. Then,
a predefined number of the best features is taken to form the feature subset.

Scoring of individual features can be performed using some of the mea-
sures used in machine learning for instance, Information gain used in deci-
sion tree induction [5]. In our comparison eleven feature scoring measures were
included. Information gain was included as the well known measure success-
fully used in some text-learning experiments. Expected cross entropy used in
text-classification experiments [6] is similar to Information gain. The difference
is that instead of calculating average over all possible feature values, only the
value denoting that word occurred in a document is considered. Our experiments
show that this means an important difference in the resulting performance.
Mutual information used in text-classification experiments [7] is similar to
Cross entropy for text with the latter additionally taking into account word
probability. These two measures and a very simple frequency measure proposed
in [7] were reported to work well on text data. This third measure is calculated
either as the number of documents that contain word W referred to as docu-
ment frequency DF (W) or as the number of occurrences of word W referred to
as Term frequency TF(W). This measure requires the stop words removal. We
use the second definition: Freq(W) = TF(W). Odds ratio is commonly used in
information retrieval, where the problem is to rank out documents according to
their relevance for the positive class value using occurrence of different words as
features [8].

P(Wlpos)(1 — P(W]neg))

OddsRatio(W) = log (1= P(W{pos)) P(Wneg)

Where P(W|pos) is the conditional probability of word W occurring in docu-
ments belonging to the target content category and P(WW|neg) is the conditional
probability of word W occurring in the other documents.

Our experiments show that Odds ratio is especially suitable to be used in
a combination with the Naive Bayesian classifier for our kind of problems. We
propose four variants of Odds ratio, to test if the results are sensitive to some
modifications in the formula. As a baseline method we used random scoring
method defined to score each word by a random number.
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5 Data Description

Data sets used in our experiments were generated from the Yahoo! hierarchy of
Web pages as described in [9] and present five out of the fourteen sub-hierarchies
that can be formed from the top level ontology nodes: ‘Arts and Humanities’,
‘Entertainment’, ‘Computers and Internet’, ‘Education’, ‘References’.

5.1 Web Page Ontology

The categories in Yahoo! ontology of Web pages are human constructed and
designed for human Web browsing. Documents that are already classified and
used to build the hierarchy are Web documents, making the hierarchy biased
toward human knowledge areas that are represented in Web documents. For
example, one of the most general categories named ‘Bussines and Economy’ is
over-represented including more than a third of all documents, while the other
category that appears at the same level of the hierarchy named ‘Social Science’
includes less than 1% of all documents. Our approach to mapping Web pages
onto ontology is not limited to the Yahoo! hierarchy and can be used on some
of the other text hierarchies that are not Web-oriented.

—— Arts and Humanities >
31,000
News and Media =
16,000
—— Business and Economy >
330,000
Recreation and Sport >
5600 e

= (_ Computers and Internet >
25,000
References
2,000

|

Documents <*> EdSl(I]COmo“ >
Regional
190,000
—— Entertainment >
144,000
— Coge D
- Health
15,000

|

v
© =
E B =
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Alternative

Science I
25,000

v

Social Science
5,000

port
0 - only pointer)

v

Society and Culture > [
35,000

L (_ Weights and Measures
1

Fig. 4. Top level of the Yahoo categorization with the first level of subcategories in
‘Science’ category. Approximate number of documents in each category is given under
the category name (eg. 25,000 documents are classified under ’Science‘). The data is
taken from the Yahoo site in UK & Ireland, November 1997.
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The Yahoo! hierarchy when we obtained it (excluding subcategory ‘Regional’)
was built on approximately a million Web documents located on Internet all
around the world. We refer here to these documents as actual Web documents.
Hyperlinks to those documents are organized in about 50,000 Yahoo Web docu-
ments. Each Yahoo document represents one of the included categories with the
more general categories closer to the root of the hierarchy. The category is de-
noted by keywords, describing category content, that appear on the path from
the root of the hierarchy to the node representing the category. For instance,
‘Sport’ a subcategory of ‘Science’ in Figure [ is named ‘Science: Sport’ and in
our approach assigned two keywords: Science, Sport. In other words, a more
specific category is named by adding a keyword to the name of the more general
category directly connected to it (one level higher in the hierarchy).

Yahoo documents are connected with hyperlinks forming a hierarchical struc-
ture that can be represented as a directed acyclic graph (or a tree with additional
connections between some of its nodes). For the sake of simplicity, we will talk
about the tree and remind on additional connections only when needed. Each
Web document classified in the Yahoo hierarchy appears only once, but there
can be several connections in the hierarchy (hyperlinks between Yahoo docu-
ments) leading to it. For example, the Yahoo document representing ‘Sport’, a
subcategory of ‘Science’ includes a hyperlink to the top category ‘Recreation
and Sport’ (see Figure [). In this way, the user still has the impression of a
tree structure that nicely matches our intuition about the hierarchical organi-
zation of categories. Some nodes at the bottom of the hierarchy contain mostly
hyperlinks to the actual Web documents, while the other nodes contain mostly
or even only (eg. ‘Science: Sport’ in Figure @) hyperlinks to other Yahoo Web
documents (nodes in the hierarchy). There are currently fourteen top level Ya-
hoo categories each named by only one keyword. Figure llshows them with the
approximate number of actual Web documents each category is based on. Each
of the top categories is further represented with a hierarchical structure of more
specific categories. As an example we show in Figure @ the part of the first-level
subcategories in ‘Science’ top category ranging from ‘Acoustics’ (named ‘Sci-
ence: Acoustics’ and assigned two keywords Science, Acoustics) to ‘Weights and
Measures’ (named ‘Science: Weights and Measures’ and assigned two keywords
Science, Weights and Measures).

5.2 Data Sets Used in Our Experiments

We have defined the problem as predicting document category based on the doc-
uments that are already categorized into a Web page ontology. Each data set
is given as a classification hierarchy of text documents, with the more general
categories closer to the root of the hierarchy. Each category is denoted by key-
words, describing category content. More specific category is named by adding
a keyword to the name of the more general category that is one level higher in
the hierarchy.

The data was obtained from the publicly accessible Yahoo Web site. Table[d]
gives data set characteristics including information about the number of nodes
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in the hierarchy, the number of features showing also how many features repre-
sent different length word sequences, the number of examples (documents), the
average distance between nodes measured as the average number of connections
between any two nodes in the hierarchy and the average number of features in
positive documents. The average number of features in positive documents is
calculated as the average over the defined subproblems. Features are generated
for word sequences (n-gram) of length up to fice consequtice words as described
in Section

Table 1. Data set characteristics for five data sets formed from the five top Yahoo
categories. The problem is document categorization based on the hierarchy of cate-
gories and the corresponding documents. For each data set we give (from left to right)
its name, the number of included content categories, the number of features (word
sequences and their length), the number of examples (actual Web document the cate-
gory is based on), the average distance between two nodes in the hierarchy, the average
number of features in positive examples (average number of word sequences in all the
documents belonging to one category).

Yahoo # categories # features # examples|Avg. node|Avg. pos.
dataset (nodes) |(1-grams+...+5-grams)|(Web docs)| distance | features
‘Entertainment’ 8,081 30,998 79,011 7.56 60
(15,144+11,211+
2,970+1,059+505)
‘Arts and 3,085 11,473 27,765 6.59 65
Humanities’ (7,380+3,538+
463+754+17)
‘Computers 2,652 7,631 23,105 6.77 55
and Internet’ (5,0494-2,276+
261+438+7)
‘Education’ 349 3,198 5,406 4.54 100
(1,919+1,061+
184+28+-6)
‘References’ 129 928 1,995 4.29 45
(70141964
284340)

More specifically, the following data sets are used in our experiments. ‘En-
tertainment’ having 8,081 nodes with an average distance 7.56 between them,
30,998 features consisting of 15,144 1-grams, 11,211 2-grams, 2,970 3-grams,
1,059 4-grams, 505 5-grams and 79,011 actual Web documents. ‘Arts and Hu-
manities’ having 3,085 nodes with an average distance 6.59 between them, 11,473
(7,380+3,538+463+75+17) features and 27,765 actual Web documents. ‘Com-
puters and Internet’ having 2,652 nodes with an average distance 6.77 between
them, 7,631 (5,049+42,2764261438+7) features and 23,105 actual Web docu-
ments. ‘Education’ having 349 nodes with an average distance 4.54 between
them, 3,198 (1,919+1,061+184+28+6) features and 5,406 actual Web docu-
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ments. ‘References’ having 129 nodes with an average distance 4.29 between
them, 928 (7014+196+28+3+0) features and 1,995 actual Web documents.

From the data characteristics given in Table[Tlit can be seen that the number
of unique words (1-grams) varies from 701 for ‘References’to 15,144 for ‘Enter-
tainment’. The set of negative examples is the same for all subproblems in one
data set. The set of positive examples changes for each of the subproblems. For
most of the subproblems the probability of positive class value is < 0.1, meaning
that we have a problem with unbalanced class distribution.

In order to model a hierarchy of content categories and handle a large number
of categories we generate a binary classification model for each of the hierarchy
nodes (leaf or non-leaf) by collecting word probabilities from all the documents
in and below the node (see [I0/11] for more information). These documents are
taken as positive examples while all the other documents in the hierarchy are
used as negative. This means that the most classifiers are induced from highly
unbalanced class distribution with only about 1%-10% of positive examples.
Since each classifier competes with the other classifiers, it is important that
a classifier identifies documents belonging to its category. Thus we say that
our problem has asymmetric misclassification costs given only implicitly in the
problem. By asymmetric misclassification costs we mean that one of the class
values (positive) is the target class value for which we want to get predictions
and we prefer false positive over false negative.

6 Experimental Results

In our experiments we compare different feature scoring measures and observe
the influence of the number of selected features to the system performance.
Since we have a set of classifiers, the number of selected features is determined
relatively to the classifier category size expressed by the number of features
in positive examples. We refer to this relative number of features as Vector
size. In this way, a classifier for a larger category is using more features than
a classifier for some smaller category, while both classifying the same testing
example. Reported results are averaged over 5 repetitions using hold-out testing
on independent set of 500 (300 for the two smaller data sets) randomly selected
testing examples. In order to enable operational usage of the system on larger
data sets we include the pruning mechanisms described in [I2]. Result is speed
up of the classification process, since for each document classification, not all but
only promising categories are considered (85%-95% of all categories are pruned).

To evaluate the results we use Precision, Recall and F3-measure as commonly
used evaluation measures for text data [13]. F'—measure is a combination of Pre-
cision P and Recall R commonly used in information retrieval Fjg = %.
The relative importance of each is expressed with the value of parameter (.
We report average Precision and Recall per document calculated for the fixed
probability threshold (experimentally set to 0.95 [12]). Precision can be seen as
the classification accuracy calculated only for positive examples, while Recall is
the proportion of positive examples the system recognized as positive (values in
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Table 2. Comparison of feature scoring measures for the problem of keyword prediction
on five data sets formed from the Yahoo hierarchy. For each data set, the compared
feature scoring measures are sorted according to their performance in F2-measure. The
values of F1-measure, Precision and Recall are given for better understanding. We give
averages with standard errors calculated over 5 runs.

Dom.
name

Scoring measure

Average on keyword assignment

Fl-measure

F2-measure

Precision

Recall

Ent.

Odds ratio
Term frequency
Cross entropy Txt
Mutual info. Txt
Information gain
Random

0.48 + 0.006
0.39 £ 0.003
0.29 £ 0.007
0.25 £ 0.005
0.27 £ 0.008
0.002+ 0.001

0.59 £ 0.007
0.49 £ 0.12
0.39 + 0.007
0.27 £ 0.006
0.22 £+ 0.004
0.002+ 0.001

0.44+ 0.006
0.414 0.006
0.35+ 0.003
0.57% 0.007
0.864 0.005
0.99+ 0.006

0.80 £ 0.006
0.71 £ 0.010
0.69 + 0.007
0.38 £ 0.007
0.21 £ 0.006
0.001+£ 0.007

Arts.

Odds ratio
Term frequency
Cross entropy Txt

Mutual info. Txt
Information gain
Random

0.46 £ 0.003
0.47 £ 0.007
0.32 £ 0.003
0.31 £ 0.005
0.25 £ 0.006
0.0051£ 0.001

0.59 £ 0.005
0.58 £ 0.008
0.44 £ 0.004
0.35 £ 0.004
0.21 + 0.005
0.001+ 0.001

0.40=+ 0.002
0.48+ 0.003
0.33+ 0.004
0.56+ 0.007
0.94+ 0.002
0.99+ 0.001

0.83 £ 0.006
0.77 £+ 0.009
0.75 £ 0.008
0.46 £ 0.006
0.20 + 0.004
0.001+ 0.001

Comp.

Odds ratio
Term frequency
Cross entropy Txt

Mutual info. Txt
Information gain
Random

0.46 £+ 0.006
0.48 + 0.008
0.37 £ 0.007
0.36 £ 0.003
0.21 £ 0.005
0.01 £ 0.001

0.60 £ 0.006
0.58 £ 0.007
0.49 £ 0.008
0.38 + 0.003
0.17 £ 0.005
0.01 £ 0.001

0.40=+ 0.007
0.50=+ 0.004
0.354 0.004
0.62+ 0.005
0.944 0.005
0.99 £ 0.001

0.84 + 0.005
0.74 £ 0.005
0.75 £ 0.007
0.45 + 0.005
0.15 £ 0.005
0.004+ 0.001

Edu.

Term frequency
Odds ratio
Mutual info. Txt
Cross entropy Txt
Information gain
Random

0.48 + 0.007
0.33 £ 0.008
0.40 £ 0.004
0.32 £ 0.009
0.13 £ 0.007
0.01 £ 0.002

0.55 £ 0.007
0.48 £ 0.008
0.46 £ 0.007
0.46 £+ 0.007
0.11 £ 0.006
0.01 £ 0.002

0.57+ 0.010
0.36£ 0.010
0.48+ 0.010
0.284 0.010
0.984 0.002
0.99+ 0.001

0.65 £ 0.010
0.81 £ 0.005
0.59 £ 0.010
0.82 £ 0.006
0.11 £ 0.006
0.003+ 0.002

Ref.

Odds ratio

Cross entropy Txt
Mutual info. Txt
Term frequency
Information gain
Random

0.53 + 0.006
0.52 £ 0.008
0.52 £ 0.010
0.50 £ 0.010
0.25 £ 0.007
0.07 £ 0.006

0.64 £ 0.006
0.60 £ 0.010
0.55 £ 0.010
0.53 £+ 0.010
0.22 £ 0.007
0.06 £ 0.005

0.51+ 0.007
0.62=+ 0.003
0.73+ 0.010
0.784 0.005
0.99+ 0.002
0.994 0.001

0.81 £ 0.008
0.71 £ 0.010
0.60 £ 0.020
0.57 £ 0.010
0.21 £ 0.006
0.05 £ 0.005

[0..1]). If testing example is originally assigned to several categories, all these cat-
egories are taken as correct and compared to the set of predicted categories. We
perform this comparison in two ways: (1) keyword prediction taking into account
proximity to the correct category using keywords assigned to each category and
(2) category prediction requesting prediction of the correct category.

Additional to Precision and Recall we report Fp-measure that is a combina-
tion of the two, commonly used when we care more about Recall than about
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Table 3. Comparison of feature scoring measures for the problem of category prediction
on five data sets formed from the Yahoo hierarchy. For each data set, the compared
feature scoring measures are sorted according to their performance in F2-measure. The
values of F1l-measure, Precision and Recall are given for better understanding. We give

averages with standard errors calculated over 5 runs.

Dom. Scoring measure Average on category prediction

name Fl-measure | F2-measure Precision Recall
Ent. Odds ratio| 0.294+ 0.002 |0.30 % 0.003 |0.41 £ 0.004| 0.34 £ 0.003
Term frequency| 0.244 0.003 | 0.27 + 0.003 | 0.38 £ 0.003| 0.34 + 0.003
Mutual info. Txt| 0.224 0.004 | 0.23 £ 0.004 |0.57 £ 0.006| 0.29 £ 0.007
Information gain| 0.25%+ 0.002 | 0.20 £+ 0.003 |0.87 £+ 0.002| 0.17 £+ 0.002
Cross entropy Txt| 0.154+ 0.002 | 0.18 £ 0.002 |0.29 £ 0.005| 0.28 £ 0.005
Random| 0.001=£ 0.0001 {0.001+£ 0.0002{0.99 %+ 0.007{0.001+0.0002
Arts. Odds ratio| 0.29+ 0.002 |0.32 4+ 0.004 |0.36 &+ 0.005| 0.38 £+ 0.004
Term frequency| 0.284 0.002 | 0.29 + 0.003 | 0.43 £ 0.004| 0.34 £ 0.003
Mutual info. Txt| 0.244 0.005 | 0.25 £ 0.005 |0.56 £ 0.006| 0.31 £ 0.007
Cross entropy Txt| 0.184 0.002 | 0.22 + 0.003 |0.27 4 0.005 | 0.32 £ 0.006
Information gain| 0.214 0.002 | 0.17 & 0.002 {0.93 4+ 0.003 | 0.15 £ 0.002
Random|[0.0012+ 0.0001{0.001+ 0.0003|0.99 % 0.006 | 0.001+0.0002
Comp. Odds ratio| 0.30+ 0.002 |0.33 + 0.002 |0.36 + 0.009| 0.57 £ 0.005
Term frequency| 0.27+ 0.003 | 0.26 £ 0.002 |0.45 + 0.003| 0.27 £+ 0.003
Mutual info. Txt| 0.25£ 0.003 | 0.24 4+ 0.004 [0.60 £ 0.006| 0.26 = 0.006
Cross entropy Txt| 0.194+ 0.005 | 0.21 £ 0.004 |0.28 £ 0.004 | 0.27 £ 0.002
Information gain| 0.19%+ 0.007 | 0.14 £+ 0.006 |0.94 £+ 0.004 | 0.12 £+ 0.005
Random| 0.001£ 0.0003 {0.001+£ 0.0002|{0.99 + 0.001{0.001+£ 0.0002
Edu.|Mutual info. Txt | 0.40+ 0.006 |0.45 %+ 0.009 |0.52 £+ 0.010{ 0.53 £ 0.010
Odds ratio| 0.32+ 0.005 |0.43 + 0.005|0.36 £+ 0.009|0.57 £ 0.010
Term frequency| 0.40+ 0.010 |0.42 £ 0.010|0.57 £ 0.010{0.45 £ 0.020
Cross entropy Txt| 0.2 & 0.006 | 0.26 £ 0.004 |0.23 £ 0.010| 0.37 £ 0.005
Information gain| 0.09%+ 0.003 | 0.07 &+ 0.002 |0.97 £ 0.003 | 0.07 £ 0.002
Random| 0.01+ 0.001 0 £ 0.001 |0.99 £ 0.002| 0.001+ 0.001
Ref. Odds ratio| 0.37+ 0.007 |0.42 £+ 0.009 |0.46 £+ 0.009|0.51 £+ 0.012
Mutual info. Txt| 0.34£ 0.005 | 0.32 4+ 0.005 [0.69 £ 0.015| 0.32 + 0.006
Term frequency| 0.28+ 0.007 | 0.26 £ 0.070 |0.72 + 0.007| 0.26 £+ 0.007
Cross entropy Txt| 0.234 0.005 | 0.22 + 0.005 |0.50 4 0.003 | 0.23 £ 0.005
Information gain| 0.20+ 0.003 | 0.16 4+ 0.002 [0.99 4+ 0.002| 0.14 4+ 0.002
Random| 0.05+ 0.006 | 0.04 £ 0.005 [0.99 + 0.001| 0.04 £+ 0.004

Precision. Tables [2 and [ give results of the comparison (1) and (2) respec-
tively. We observe performance (F2-measure) for the best performing number
of selected features that is in most cases vector size 1 (meaning select as many
features as there are features that occur in positive examples). To get an idea
about the actual number of the used features, vector size 1 means in average
over categories: on ‘Entertainment’ 58 out of 30,998 features (0.2%), on ‘Arts
and Humanities’ 65 out of 11,473 features (0.7%), on ‘Computers and Inter-
net’ 42 out of 7,631 features (0.62%), on ‘Education’ 85 out of 3,198 features
(2.7%), on ‘References’ 49 out of 928 features (5.3%). Additionally to the value
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Fig. 5. Comparison of (upper) the correct category rank (the lower the better) and
(lower) probability for different feature scoring measures on ‘Reference’.

of Fy-measure, we give values of Precision, Recall and Fj-measure. Fj-measure
is included to show how the same feature scoring measures would compare in
case we would have a problem where Precision and Recall are equally important.
As we can see from Tables Pl and [, there would not be much difference, Odds
ratio and Term frequency would remain the best.

On all data sets Odds ratio is among the best performing measures (see Ta-
bles[2 and B]) and the best performance is achieved when only a small number of
features is used. For instance, in Table@on ‘Computers and Internet’ Odds ratio
achieves Fy-measure of 0.60, Precision of 0.40 and Recall of 0.84, meaning that
40 % of document predicted positive are positive and that 84% of all positive
documents are identified. This is consistent with the results reported in text-
learning on the problem of predicting clicked hyperlinks from the set of visited
Web documents [T4] where the feature selection based on Odds ratio achieved
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the best results. Similar observation regarding the number of features is reported
on text categorization in [7] , where the reduction of up to 90% in the number
of features resulted in either an improvement or no loss in the system perfor-
mance. Observation of standard error on all five data sets confirms that the best
performing measures are significantly better than the other tested measures.

Additionally, we report two non-standard but intuitive measures: rank and
probability assigned to the correct category. For each testing example we ob-
serve a list of categories each assigned a probability as a result of consulting the
corresponding subproblem classifier. Sorting categories according to that proba-
bility gives ranking that we use to get the rank of the correct category. If there
are more correct categories, the one with the highest predicted probability is
considered. To get summary results over the testing examples we give median
rather than mean, since some of the testing examples are rather non-typical of
their category, containing eg., a welcome page or only one sentence asking for
language preference or an error message or a page giving redirection.

Rank and probability obtained in the same experiments show that Odds ra-
tio is again the best or one of the two best performing measures. Cross entropy
for text and Term frequency achieved similar results as Odds ratio on two out of
the five data sets. Information gain performed similar as Random. Tables giving
the detailed results of rank and probability can be found in [10]. Standard errors
confirm that the results are significant. Observation of the average number of
considered categories during the classification shows that Odds ratio is consider-
ing about 3 times less categories than Cross entropy for text and about 2 times
less categories than Term Frequency.

For illustration of the influence of the number of selected features we show
graphs for ‘Reference’. Figure[d gives median for the correct category rank and
probability on ‘Reference’. It can be seen that the best performance in rank and
probability is achieved by Odds ratio and Cross entropy for text using relatively
small number of features (vector size 0.5-1.5). For instance, on ‘References’ the
mediana of the correct category rank is 3.8 the mediana of the correct category
probability over 0.99, ie. the half of the testing examples are assigned rank up
to 3.8 and probability > 0.99 for the correct category. For larger feature subsets
the rank became insensitive to the additional features, while the probability is
almost 0.

To show the efficiency of the used scoring measure we give in Figure [6] the
influence of the relative number of selected features to the number of categories
considered in classification. For Random scoring and Information gain this num-
ber grows with the growing number of selected features (vector size). For the
other measures, the number of considered categories is mostly stable when using
more features (eg., using > 50 features for ‘Reference’). Odds ratio is the sec-
ond best in the low number of considered categories and this is also one of the
best performing measures. Cross entropy for text that is also among the best
performing measures is the worst in the number of considered categories.

There is no significant difference in the performance between Odds ratio and
any of its four variants we tested. This shows that the most important charac-
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Fig. 6. Comparison of the number of considered categories (the lower the better) for
different feature scoring measures on ‘Reference’.

teristics of Odds ratio are included in its variants. It also shows that we didn’t
get any significant improvement by including probability of word occurrence
(Weighted Odds ratio) nor by including features characteristic for negative ex-
amples (Conditional Odds ratio).

7 Discussion

Mapping Web pages onto ontology is addressed here on a problem where text
Web documents are organized into content hierarchy. There is some related
work on automatic categorization of text documents. Koller and Sahami [0]
proposed an approach to hierarchically classifying documents. They used the
Reuters dataset that 'does not have a predetermined hierarchical classification
structure’, so they ‘identified labels that tend to subsume other labels, and used
those as the higher level topics’. In their hierarchy all documents are placed at
the bottom of the hierarchy in tree leaves. Documents are represented as Boolean
word-vectors with features representing words selected using greedy algorithm
that eliminates features one by one using Cross entropy measure. They compared
several learning algorithms and learn document category from the hierarchical
structure, dividing classification task into a set of smaller problems correspond-
ing to the splits in the classification hierarchy nodes. They give results on three
domains each having a 3-level hierarchy that is based on up to 1,000 documents
and the biggest having 12 nodes. McCallum et al. also developed an approach for
learning from class hierarchies based on shrinkage [I5] and reported results on
the two bottom layers of the Yahoo hierarchy. However, there approach does not
address the problem of documents being placed in any hierarchy node. Rather
they used the same assumption as used in [G] that all the documents are places
in the leaves.
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The Yahoo data we are using here is much bigger, have predetermined hier-
archical classification structure with document not necessarily placed only in the
hierarchy leaves. This means that some documents sitting in the non-leaf nodes
are too general to be classified into any of the existing leaf nodes. A classifier
using these non-leaf documents should consider classification into any of the hi-
erarchy nodes (not only leaf nodes). We use the Yahoo hierarchy for two learning
problems: assign categories and assign a set of keywords to a document. For a
new document, the learned model returns for each category (and the correspond-
ing set of keywords) from in the text hierarchy the probability that the document
is its member. One possibility is to use ‘flattened’ approach and generate one
huge classifier with many class values, each value corresponding to one category.
Additionally to the high number of class values, a large number of features is
needed in order to cover all the variety of the large number of documents in-
cluded in different categories. As pointed out in [0], an alternative idea is to split
the whole problem into subproblems and use a local feature subset selection on
each subproblem. We use the hierarchical structure to define subproblems each
corresponding to the individual Yahoo category. For each of the subproblems,
a classifier is constructed that predicts the probability for a document to be
a member of the corresponding category and thus to be characterized by the
corresponding set of keywords.

In our experiments with Naive Bayes the best performing feature scoring
measures are Odds ratio and its variants, while the worst are Random and In-
formation gain. The other perform comparable or worse than Odds ratio and
better than Information gain. A closer look to the highly scored features by
Odds ratio and by Information gain explains the huge difference in their per-
formance and poor performance of Information gain. It also indicates how im-
portant is to consider data set and algorithm characteristics. In related work,
Brank et al. [I6] report that on Reuters data set, feature selection using Odds
ratio indeed improves the classification results of Naive Bayes but it does not
help SVM-classifier, which performs better than Naive Bayes. Testing this on
our data set is an interesting problem for future work.

Yang and Pedersen [7] give experimental comparison of five measures for
feature selection in text categorization on word-vectors representing documents.
Their experiments confirm our observation that a rather small feature subset
should be used since it gives either better or as good results as large feature
subset or all the features. We also agree in the observation that a simple fre-
quency of a feature (used after stop words removal and calculated either using
term or document frequency) achieves very good results. Our results disagree
in the performance of Information gain. Information gain was one of the best
performing measures on problems addressed by Yang and Pedersen [7], while we
found it performing poorly (similar to random) on our data. The reason for that
we find in the difference in our data and classification algorithms. Their data set
is defined to include one class value for each category, while we split the problem
into subproblems each corresponding to one category and having binary-valued
class. The result of learning is in our case a set of specialized classifiers instead
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of one huge classifier including the union of features characteristic for different
categories. The other important issue is the used classification algorithm. Yang
and Pedersen [7] used k-Nearest Neighbor and Linear Least Square Fit mapping.
The specific of the Naive Bayesian classifier we are using is that it considers only
features that occur in a classification document. This means that highly scored
features should be features that will probably occur in new documents.

Poor performance of Information gain can be explained by its symetric treat-
ment of class values. Here we have unbalanced class distribution and also highly
unbalanced feature value distribution. When calculating feature score we ob-
serve two values for each feature (word sequence): occurs or does not occur in
a document. The prior probability that a word sequence occurs in a document
P(W) is rather small. Most of the features selected by Information gain are fea-
tures with the majority feature value (P(W) is high). If P(W) >> P(W) then
the high value of Information gain in most cases means that the second part

P(W) >, P(C;i|[W)log P(CE W) of the Information gain formula is high. In other

words, knowing that W does not occur in a document brings useful information
about the class value. Intuitively, when classifying a new document, a better
classification results are expected if the classification is based on words that
occur in a document. It is possible that absence of some words in a document
is very informative and this is taken into account by the new feature scoring
measure we named Conditional Odds ratio. The problem is that the classifica-
tion based mostly on the absence of words is usually harder and requires larger
feature subset than the classification based on word occurrences. Cross entropy
for text makes distinction between the feature values and achieves good results
in our experiments. Odds ratio and its variants achieve better results than Cross
entropy for text mainly due to favoring features characteristic for positive exam-
ples (high P(W|‘pos’)). The other tested measures make no distinction between
the class values. Moreover, Information gain makes no distinction between the
feature values (it is using feature absence). Since we have unbalanced class dis-
tribution with over 90% of examples having negative class value, most of the
features are characteristic for negative examples. This means that most of the
features highly scored by Information gain are either informative when they do
not occur in a document or they are characteristic for negative class value (just
the opposite of Odds ratiol!).

8 Conclusions

In analysis of our experiments of document categorization using Naive Bayes, we
have observed that the best performing feature scoring measures makes differ-
ence between the class values. The best results are achieved by Odds ratio that
assumes that a problem has a binary-valued class and one of the class values
is the target class value (asymmetric misclassification costs). The next group of
measures achieving good results all favor common features (Cross entropy for
text, Term frequency). Mutual information for text differs from Cross entropy
for text only in not favoring frequent features and achieves worse results. Infor-
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mation gain differs from Cross entropy for text only in using feature absence as
well as feature presence and achieves poor results.

Our conclusion is that in general the most important characteristics of a good
feature scoring measure for text are: favoring common features and considering
data and algorithm characteristics. For learning algorithms that make difference
between feature presence and absence, such as the Naive Bayesian classifier used
here, it is important that a scoring measure also makes this difference. For the
data sets with binary-valued class where one class value is the target class value,
the most important characteristics of a good feature scoring measure is to make
difference between the class values and favor features characteristic for the target
class value. In this case, favoring common features is not an important issue.
Namely, Weighted odds ratio that favors common features is not performing
better than Odds ratio.

Instead of using a filtering approach to feature selection that ignores the
learning algorithm or using the wrapper approach that uses the learning algo-
rithm as a ‘black-box’, we suggest that data and algorithm characteristics are
studied in advance. We applied the Naive Bayesian classifier to the data sets
that have an unbalanced class and feature value distribution and asymmetric
misclassification costs, where the minority class value is the target class value.
Experimental comparison of different feature scoring measures used in feature
selection shows that Odds ratio achieves the best results. Our classifier uses the
same conditional probability as used in Odds ratio for scoring the features. In
this way, the selected features are features expected to have the greatest influ-
ence to the posterior probability of class values returned by the Naive Bayesian
classifier.

More precisely, let us consider data and algorithm characteristics to see
which features should be selected. In our case the majority class value is neg-
ative (P(neg) > P(pos)). If we want to identify the positive documents then
for such documents the Naive Bayesian classifier should assign higer proba-
bility to the positive class than to the negative class value (P(pos|Doc) >
P(neg|Doc)). Based on the formula of Naive Bayes (see Section ), we can see
that this can be achieved only if the inside product is higher for the positive
class value than for the negative class value (IIw,cpocP(W; |pos)TF(Wj’DOC) >

ijepocp(Wj|neg)TF(Wj’D°c)). At the same time, Odds ratio favors words
that are more common in positive documents that in negative documents
(P(Wj|pos) > P(Wj|neg)). Having many such words selected for learning means,
that we have good chances to get the above mentioned product in the classifier
higher for the positive than for the negative class value. Thus our suggestion is
to use Odds ratio for feature selection when using the Naive Bayesian classifier
for modeling the documents.

Moreover, our experiments suggest that we should select as many best fea-
tures as there are features that occur in the positive examples. Closer look to
the features sorted according to Odds ratio show that this approximately means
simply select all the features that occur in positive examples without perform-
ing any feature scoring. In general, we can conclude that on such problems with
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unbalanced class distribution and asymmetric misclassification costs, features
characteristic for the positive examples should be selected.
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Abstract. This paper presents a new framework for extracting information from
collections of Web pages across different sites. In the proposed framework, a
standard wrapper induction algorithm is used that exploits named entity
information that has been previously identified. The idea of post-processing the
extraction results is introduced for resolving ambiguous fields and improving
the overall extraction performance. Post-processing involves the exploitation of
two additional sources of information: field transition probabilities, based on a
trained bigram model, and confidence scores, estimated for each field by the
wrapper induction system. A multiplicative model that is based on the product
of those two probabilities is also considered for post-processing. Experiments
were conducted on pages describing laptop products, collected from many
different sites and in four different languages. The results highlight the
effectiveness of the new framework.

1 Introduction

Information extraction (IE) is a form of shallow text processing that involves the
population of a predefined template with relevant fragments directly extracted from a
text document. This definition is a simplified version of the much harder free-text IE
task examined by the Message Understanding Conferences (MUC) [1, 2]. Despite its
simplicity, though, it has gained popularity in the past few years, due to the
proliferation of the World Wide Web (WWW) and the need to recognize relevant
pieces of information within the Web chaos. For example, imagine a shopping
comparison agent that visits various vendor sites, extracts laptop descriptions and
presents the results to the user.

Extracting information from Web sites is typically handled by specialized
extraction rules, called wrappers. Wrapper induction [3] aims to generate wrappers,
by mining highly structured collections of Web pages that are labeled with domain-
specific information. At run-time, wrappers extract information from unseen
collections of pages and fill the slots of a predefined template. These collections are
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typically built by querying an appropriate search form in a Web site and collecting the
response pages, which commonly share the same content format.

A central challenge to the wrapper induction community is IE from pages across
multiple sites, including unseen sites, by a single trained system. Pages collected from
different sites usually exhibit multiple hypertext markup structures, including tables,
nested tables, lists, etc. Current wrapper induction research relies on learning separate
wrappers for different structures. Training an effective site-independent IE system is
an attractive solution in terms of scalability, since any domain-specific page could be
processed, without relying heavily on the hypertext structure.

In this paper we present a new approach to IE from Web pages across different
sites. The proposed method relies on using domain specific named entities, identified
within Web pages by a named entity recognizer tool. Those entities are embedded
within the Web pages as XML tags and can serve as a page-independent common
markup structure among pages from different sites. A standard wrapper induction
system can be trained and exploit the additional textual information. Thus, the new
system relies more on page-independent named-entity markup tags for inducing
delimiter-based rules for IE and less on the hypertext markup tags, which vary among
pages from multiple sites.

We experimented with STALKER [4], which performs extraction from a wide
range of Web pages, by employing a special formalism that allows the specification
of the output multi-place schema for the extraction task. However, information
extraction from pages across different sites is a very hard problem, due to the multiple
markup structures that cannot be described by a single formalism. In this paper we
suggest the use of STALKER for single-slot extraction, i.e. extraction of isolated field
instances, from pages across different sites.

A further contribution of this paper is a method for post-processing the system’s
extraction results in order to disambiguate fields. When applying a set of single-slot
extraction rules to a Web page, one cannot exclude the possibility of identical or
overlapping textual matches within the page, among different rules. For instance,
rules for extracting instances of the fields cdromSpeed and dvdSpeed in pages
describing laptop products may overlap or exactly match in certain text fragments,
resulting in ambiguous fields. Among those predicted fields, the correct choice must
be made.

To deal with the issue of ambiguous fields, two sources of information are
explored: transitions between fields, incorporated in a bigram model, and confidence
scores, generated by the wrapper induction system. Deciding upon the correct field
can be based on information from either the trained bigram model and/or the
confidence score. A multiplicative model that combines these two sources of
information is also presented and compared to each of the two components.

The rest of this paper is structured as follows: Section 2.1 provides a short
description of the IE task. In Section 2.2 we outline the architecture of our approach.
Section 2.3 briefly describes the named entity recognition task. Section 2.4 reviews
STALKER and in Section 2.5 we discuss how STALKER can be used under the
proposed approach to perform IE from pages across different sites. In Section 3 we
discuss the issue of post-processing the output of the STALKER system in order to
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resolve ambiguous fields. Section 4 presents experimental results on four-language
datasets, all describing laptop products. Related work is presented in Section 5.
Finally we conclude in Section 6, discussing potential improvements of our approach.

2 Information Extraction from Multiple Web Sites

2.1 Definition of the Extraction Task

Let F={f,...fr} a set of W extraction fields describing a domain of interest, e.g.
laptop products, and d, a text page annotated by the domain expert with instances of
those fields. A field instance is a pair <f{(s,e), field >, where #(s,e) is a text
fragment, with s and e the indices of the fragment in page’s token table, and
field € F the annotated field. Let T, the template for page d that contains field
instances. A field is typically a target-slot in T, while #(s,e) is a slot-filler. Table 1
shows a part of a Web page describing laptop products where relevant text is
highlighted in bold. Table 2 shows the hand-filled template for this page.

Table 1. Part of a Web page describing laptop products.

...TransPort ZX <br> <font size="1"> <b> 15"XGA TFT Display </b> <br> Intel |
<b> Pentium III 600 MHZ </b>256k Mobile processor <br> <b> 256 MB SDRAM u
to 1GB ...

Table 2. Hand-filled populated template for the page of Table 1.

T Short description for field
t(s,e) s,e field
Transport ZX 47, 49 modelName | Name of laptop’s model
15" 56, 58 screenSize | Size of laptop’s screen
TFT 59, 60 screenType | Type of laptop’s screen
Intel <b> Pentium III | 63, 67 | processorName | Name of laptop’s processor
600 MHZ 67,69 |processorSpeed | Speed of laptop’s processor
256 MB 76,78 ram Laptop’s ram capacity

The IE task can be defined as follows: given a new document d and an empty
template T, find all possible instances for each extraction field within d and
populate T . An extended approach to IE is to group field instances into higher-level
concepts, also referred as multi-slot extraction [5]. However, the simpler single-slot
approach addressed here covers a wide range of IE tasks and motivated the
development of a variety of learning algorithms, [4, 6, 7, 8, 9].
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2.2 The Proposed Framework

Our methodology for IE from multiple Web sites is graphically depicted in Figure 1.
Three component modules process each Web page. First, a named-entity recognizer
that identifies domain-specific named entities across pages from multiple sites. A
trained wrapper induction system is then applied to perform information extraction as
described in section 2.1. Finally, the extraction results are post-processed to improve
the extraction performance. All components will be detailed in the following sections.

i
Web Site Web Site

y

Named Entity Recognition

v

Wrapper Induction

v

Post-processing

Fig. 1. Generic architecture for information extraction from multiple Web sites

2.3 Named Entity Recognition

Named entity recognition is an important subtask in most language engineering
applications and has been included as such in all MUC competitions. Named entity
recognition is best known as the first step in a full IE task from free-text sources, as
defined in MUC, and involves the identification of a set of basic entity names,
numerical expressions, temporal expressions, etc. However, named entity recognition
has not received much attention in IE from semi-structured Web sources.

We use named entity recognition in order to identify basic named entities relevant
to our task and thus reduce the complexity of IE task. The identified entities are
embedded within Web pages as XML tags and serve as a valuable source of
information for the wrapper induction system that follows and extracts the relevant
information.

The named entity recognizer that we use is a multilingual component of an e-retail
product comparison agent [10]. Although it relies on handcrafted rules for identifying
domain-specific named entities, it can be rapidly extensible to new languages and
domains. Future plans involve the development of a named entity recognizer using
machine-learning techniques.
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Table 3 shows some of the entity names (ne), numerical (numex) and temporal
(timex) expressions, used in the laptop products domain, along with the corresponding
examples of XML tags. Table 4 shows the embedded entity names in the page of
Table 1.

Table 3. Subset of named entities for the laptop products domain

Entity Entity Examples of XML tags
Type
Ne model, <ne type=model>Presario</ne>

process | <ne type=processor>Intel Pentium </ne>
or, term | <ne type=term> TFT </ne>

Numex capacit | <numex type=speed>300 MHz </numex>
Y, <numex type=capacity>20 GB </numex>
speed, <numex type=length>15" </numex>
length

Timex Duratio | <timex type=duration>1 year </timex>
n

Table 4. Embedded entity names, highlighted in italic, for the page of Table 1.

: <ne type="model”> TransPort ZX </ne><br> <font size="1"> <b> <numex |
| type="length”> 15" </numex>XGA <ne type="term”>TFT </ne> Display </b> <br> |
. <ne type="processor”> Intel <b> Pentium III </ne> <numex type="speed "> 600 MHZ |
| </speed> </b> <numex type="speed”> 256k </numex> Mobile processor <br> <b>
. <numex  type="capacity”> 256 MB <numex> SDRAM up to <numex
| type="capacity ">1GB </numex>...

By examining Table 4, we note that the IE task has been simplified, due to the
additional named entity tags. For example, in order to identify instances of the field
modelName, a wrapper has to be induced that identifies the left delimiter “<ne
type=model>" and the right delimiter “</ne> within a page and then extract the
content between the two delimiters. Such a wrapper could efficiently extract
modelName instances within pages from multiple vendor sites by exploiting the
delimiters embedded by the named entity recognizer.

The penalty, however, for the simplification of the IE task is a potential loss in the
precision. Examining Table 4 we note that not all of the identified named entities
correspond to the relevant information that we wish to extract. For example, the text
fragment “256k” is a numerical entity of type “speed”. However it is not relevant to
our IE scenario. The fragment “1GB” is a numeric entity of type capacity. However it
is also not relevant to our IE scenario, according to the hand-filled template of Table
2. Therefore a post-processing step is required, as will be described in section 3,
aiming to remove a high proportion of the erroneously identified instances.

2.4 The STALKER Wrapper Induction System

STALKER [4] is a sequential covering rule learning system that performs single-slot
extraction from highly-structured Web pages. Multi-slot extraction —i.e. linking of the
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isolated field instances- is feasible through an FEmbedded-Catalog (EC) Tree
formalism, which may describe the common structure of a range of Web pages. The
EC tree is constructed manually, usually for each site, and its leaves represent the
individual fields. STALKER is capable of extracting information from pages with
tabular organization of their content, as well as pages with hierarchically organized
content.

Each extraction rule in STALKER consists of two ordered lists of linear landmark
automata (LA’s — also called disjuncts), which are a subclass of nondeterministic
finite state automata. The first list constitutes the start rule, while the second list
constitutes the end rule. Each rule consists of landmarks, i.e. groups of consecutive
tokens or wildcards that enable the location of a field instance within a text page. A
wildcard represents a class of tokens, e.g. Number or HtmiTag. A rule for extracting a
field instance x within page p, consists of a start rule that consumes the prefix of p
with respect to x, and an end rule, which consumes the suffix of p with respect to
x . Thus the training data for inducing a start rule consists of sequences of tokens (and
wildcards) that represent the prefixes (or suffixes for end rule) that must be consumed
by the induced rule. Table 5 shows some examples of start rules for the laptop-
products domain.

Table 5. Examples of start rules induced by STALKER.

. R1 = SkipTo(type="model”>)
i R2 = SkipTo (type="term”) OR SkipUntil (TFT)

The rules listed in Table 5 identify the start indices of modelName, screenType and
ram field instances respectively. Each argument of a “SkipTo” or “SkipUntil”
construct is a landmark. A group of “SkipTo” and/or “SkipUntil” functions represents
a linear landmark automaton. The meaning of the rule R1 is: ignore everything in the
page’s token table until the sequence of tokens type="model” is found. The rule R2
consists of an ordered list of two LA (disjuncts). The difference between “SkipTo”
and “SkipUntil” constructs is that the landmark argument of “SkipUntil” is not
consumed. The meaning of R2 is: ignore everything in the page’s token table until the
sequence of tokens fype="term” is met. If the matching is successful then terminate.
Otherwise a new search starts and everything is ignored until the token TFT is met,
but without consuming it.

Examining Table 5 we note that STALKER’s rules rely heavily on the named
entity information, embedded within a page. Using STALKER’s EC tree as a guide,
the extraction in a given page is performed by applying —for each field- the LA’s that
constitute the start rule in the order in which they appear in the list. As soon as a LA
is found that matches within the page, the matching process terminates. The process is
symmetric for the end rule. More details on the algorithm can be found in [4].



Mining Web Sites Using Wrapper Induction, Named Entities, and Post-processing 103

2.5 Adapting STALKER to Multi-site Information Extraction

The EC tree formalism used in STALKER is generally not applicable for describing
pages with variable markup structure. Different EC trees need to be manually built for
different markup structures and thus different extraction rules to be induced. In this
paper, we are seeking for a single domain-specific trainable system, without having to
deal with each page structure separately. The paper focuses on the widely-used
approach of single-slot extraction. Our motivation is that if isolated field instances
could be accurately identified, then it is possible to link those instances separately on
a second step. We therefore specify our task as follows:
For each field, try to induce a /ist iteration rule as depicted in Figure 2.

Laptop Web page

List (manufacturer) List (ram)

List (modelName)

Fig. 2. Simplification of the EC tree. A list iteration rule is learned for each field and applies to
the whole content of a page, at run-time

The EC tree depicted in Figure 2 has the following interpretation: a Web page that
describes laptop products consists of a list of instances of the field manufacturer (e.g.
“Compaq”), a list of instances of the field modelName (e.g. “Presario”), a list of ram
instances (e.g. “256MB”), etc. The system, during runtime, exhaustively applies each
rule to the content of the whole page. This simplified EC tree is independent of any
particular page structure. The proposed approach relies on the page-independent
named entities to lead to efficient extraction rules.

Since each extraction rule applies exhaustively within the complete Web page,
rather than being constrained by the EC tree, we expect an extraction bias towards
recall, i.e., overgeneration of instances for each field. The penalty is a potential loss in
precision, since each rule applies to text regions that do not contain relevant
information and may return erroneous instances. For example, in the page of Table 4,
a rule that identifies the left delimiter <numex type="capacity”> and the right
delimiter </numex>, correctly identifies the text fragment “256MB” as ram. However
the text fragment “1GB” is incorrectly identified as ram, since both fragments share
the same left and right delimiters. Therefore we seek a post-processing mechanism
capable of discarding the erroneous instances and thus improving the overall
precision.
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3 Post-processing the Extraction Results

In single-slot IE systems, each rule is applied independently of the others. This may
naturally cause identical or overlapping matches among different rules resulting in
multiple ambiguous fields for those matches. We would like to resolve such
ambiguities and choose the correct field. Choosing the correct field and removing all
the others shall improve the extraction precision.

3.1 Problem Specification

In this paper we adopt a post-processing approach in order to resolve ambiguities

in the extraction results of the IE system. Given that ¢#,(s;,e;) is a text fragment

within a page pand s, and e, are the start and end token bounds respectively in
the token table of p, then the task can be formally described as follows:

1. Let I ={i, |i,=<t,, field, >} be the set of instances extracted by all the rules,
where field ; is the predicted field associated with the text fragment 7, .

2. Let DT be the list of all distinct text fragments 7, appearing in the extracted
instances in / . Note that 7,(s,,e,) and f,(s,,e,) are different, if either s, # 5, or
e, # e, . The elements of DT are sorted in ascending order of s, .

3. If for a distinct fragment ¢, in DT, there exist at least two instances i, and 7, so
that i, - <t,, field, > and i, : <t,, field, >, k#1, then field, and field, are
ambiguous fields for ¢,.

4. The goal is to associate a single field to each element of the list DT .

To illustrate the problem, if for the fragment #(24,25)="16x" in a page describing
laptops, there are two extracted instances i, and i,, where field, = dvdSpeed and
field, = cdromSpeed, then there are two ambiguous fields for ¢,. One of them
must be chosen and associated with ¢,.

3.2 Formulate the Task as a Hill-Climbing Search

Resolving ambiguous fields can be viewed as a hill-climbing search in the space of all
possible sequences of fields that can be associated with the sequence DT of distinct
text fragments.

This hill-climbing search can be formulated as follows:
1. Start from a hypothetical empty node, and transition at each step j to the next

distinct text fragment #; of the sorted sequence DT .
2. At each step apply a set of operations Choose( field, ). Each operation associates

¢, with the field, predicted by an instance i, =<t field, >. A weight is

assigned to each operation, based on some predefined metric. The operation with
the highest weight is selected at each step.

3. The goal of the search is to associate a single field to the last distinct fragment of
the sorted list DT, and thus return the final unambiguous sequence of fields for
DT .
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To illustrate the procedure, consider the fictitious token table in Table 6(a), which is
part of a page describing laptop products.

Table 6(b) lists the instances extracted by STALKER for the token table part of
Table 2(a). The DT list consists of the three distinct fragments ¢,,7,,¢,. Table 6(c)
shows the two possible field sequences that can be associated with DT. After the
processorSpeed field prediction for #,, two operations apply for predicting a field for
t,: The choose (ram) and choose (HDcapacity) operations, each associated with a
weight, according to a predefined metric. We assume that the former operation returns
a higher weight value and therefore ram is the chosen field for ¢,. The bold circles in
the tree show the chosen sequence of fields {processorSpeed, ram, HDcapacity} that
is attached to the sequence ¢,,1,,¢,. Table 5(6) illustrates the final extracted instances,
after the disambiguation process. In this paper we explore three metrics for assigning
weights to the choice operations:

1. Confidence scores, estimated for each field by the wrapper induction algorithm.
2. Field-transition probabilities, learned by a bigram model.
3. The product of the above probabilities, based on a simple multiplicative model.

Selecting the correct instance, and thus the correct field, at each step and discarding
the others, results in improving the overall precision. However, an incorrect choice
harms both the recall and the precision of a certain field. The overall goal of the
disambiguation process is to improve the overall precision while keeping recall
unaffected.

Table 6. (a) Part of a token table of a page dscribing laptops. (b) Instances extracted by
STALKER. (c¢) The tree of all possible field paths (d) The extracted instances after the
disambiguation process.

33 ] 34 [35[36[37 138139140 [...][ t.(s,,e) field
16| GHz | / | 1 [GB]| /7 [ 80 | GB k

t,(33,34) | processorSpeed

1,(36,37) ram
t,(36,37) HDcapacity
f (39,40) HDcapacity

Processor Speed (b)

1;(s;,€;) field,
HDcapacity 1,(33,34) |processorSpeed

1,(36,37) ram
1,(39,40) HDcapacity

(d

HDcapacity
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3.3 Estimating Confidence Scores

The original STALKER algorithm does not assign confidence scores to the extracted
instances. In this paper we estimate confidence scores by calculating a value for each
extraction rule, i.e. for each field. That value is calculated as the average precision
obtained by a three-fold cross-validation methodology on the training set. According
to this methodology, the training data is split into three equally-sized subsets and the
learning algorithm is run three times. Each time two of the three pieces are used for
training and the third is kept as unseen data for the evaluation of the induced
extraction rules. Each of the three pieces acts as the evaluation set in one of the three
runs and the final result is the average over the three runs. A three-fold cross-
validation methodology for estimating confidence scores has been also used in other
studies [7].

At runtime, each instance extracted by a single-slot rule will be assigned the
precision score of that rule. For example, if the text fragment “300 Mhz” was
matched by the processorSpeed rule, then this fragment will be assigned the
confidence associated with processorSpeed. The key insight into using confidence
scores is that among ambiguous fields, we can choose the one with the highest
estimated confidence.

3.4 Learning Field Transition Probabilities

In many extraction domains, some fields appear in an almost fixed order within each
page. For instance, a page describing laptop products may contain instances of the
processorSpeed field, appearing almost immediately after instances of the
processorName field. Training a simple bigram model is a natural way of modeling
such dependencies and can be easily implemented by calculating ratios of counts
(maximum likelihood estimation) in the labeled data as follows:

N (),
Pi—j)= Zc(i o)) , "

jekK

where the nominator counts the transitions from field i to field j, according to
the labeled training instances. The denominator counts the total number of
transitions from field i to all fields (including self-transitions). We also calculate
a starting probability for each field, i.e. the probability that an instance of a
particular field is the first one appearing in the labeled training pages.

The motivation for using field transitions is that between ambiguous fields we
could choose the one with the highest transition probability given the preceding field
prediction. To illustrate that, consider that the text fragment “16 x” has been identified
as both cdromSpeed and dvdSpeed within a page describing laptops. Assume also that
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the preceding field prediction of the system is ram. If the transition from ram to
dvdSpeed has a higher probability, according to the learned bigram, than from ram to
cdromSpeed, then we can choose the dvdSpeed field. If ambiguity occurs at the first
extracted instance, where there is no preceding field prediction available, then we can
choose the field with the highest starting probability.

3.5 Employing a Multiplicative Model

A simple way to combine the two sources of information described above is through a
multiplicative model, assigning a score to each extracted instance i, =<¢,, field, >,
based on the product of the confidence score estimated for field, and the transition
probability from the preceding instance to field, . Using the example of Table 6 with
the two ambiguous fields ram and HDcapacity for the text fragment ¢,, Table 7
depicts the probabilities assigned to each field by the two methods described in
sections 3.3 and 3.4 and the multiplicative model.

Table 7. Probabilities assigned to each of the two ambiguous fields of Table 6.

1(30,3/)=“1 GB” Confidence score Bigram score | Multiplicative score
ram 0,7 0,3 0,21
HDcapacity 0,4 0,5 0,20

Using the confidence scores by the wrapper induction algorithm, the ram field is
selected. However, using bigram probabilities, the HDcapacity is selected.

4 Experiments

4.1 Dataset Description

Experiments were conducted on four language corpora (Greek, French, English,
Italian) describing laptop products!.

Approximately 100 pages from each language were hand-tagged using a Web
page annotation tool [11]. The corpus for each language was divided into two
equally sized data sets for training and testing. Part of the test corpus was
collected from sites not appearing in the training data. The named entities were
embedded as XML tags within the pages of the training and test data, as
illustrated in Table 4. A separate named entity recognition module was developed
for each of the four languages of the project.

! http://www.iit.demokritos.gr/skel/crossmarc. Datasets are available on this site.
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A total of 19 fields (listed in Table 8) were hand-filled for the laptop product
domain. The pages were collected from multiple vendor sites and demonstrate a rich

variety of structure, including tables, lists etc.

Table 8. Hand-filled fields for the laptop products domain

Field Short description

manufacturer The manufacturer of the laptop, e.g. HP
modelName The model name, e.g. ARMADA 110
processorName The processor name, e.g. Intel Pentium 111
processorSpeed Processor’s speed , e.g. 600 MhZ

ram RAM, e.g. 512 MB

HDcapacity The hard disk capacity, e.g. 40 GB

price The price of the laptop

warranty The laptop’s warranty, e.g. 2 years

screenSize The screen size, e.g. 14"

screenType The type of the screen, e.g. TFT

preinstalledOS The operating system that is preinstalled, e.g. Windows XP
preinstalledSoftware Software that is preinstalled, e.g. Norton AntiVirus
modemSpeed The speed of the modem, e.g. 56K

weight The weight of the laptop

cdromSpeed The speed of the cdrom player, e.g. 48x

dvdSpeed The speed of the dvd player (if any)
screenResolution The resolution of the screen, e.g. 1024x768
batteryType The type of the laptop’s battery, e.g. Li-Lon
batteryLife The duration of the battery, e.g. 3,5 h

4.2 Results

Our goal was to evaluate the effect of named entity information to the extraction
performance of STALKER and compare the three different methods for resolving
ambiguous fields.

We, therefore, conducted two groups of experiments. In the first group we
evaluated STALKER on the testing datasets for each language, with the named
entities embedded as XML tags within the pages. Table 9 presents the results. The
evaluation metrics are micro-average recall and micro-average precision [12] over all
19 fields. The last row of Table 9 averages the results over all languages.

Table 9. Evaluation results for STALKER in four languages

Language Micro Precision (%) Micro Recall (%)
Greek 60,5 86,8
French 64,1 93,7
English 52,2 85,1
Italian 72,8 91,9
Average 62,4 89,4
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The exhaustive application of each extraction rule to the whole content of a page
resulted, as expected, in a high recall, accompanied by a lower precision. However,
named-entity information led a pure wrapper induction system like STALKER to
achieve a bareable level of extraction performance across pages with variable
structure. We also trained STALKER on the same data without embedding named
entities within the pages. The result was an unacceptably high training time,
accompanied by rules with many disjuncts that mostly overfit the training data.
Evaluation results on the testing corpora provided recall and precision figures below
30%.

In the second group of experiments, we evaluated the post-processing methodology
for resolving ambiguous fields that was described in Section 3. Results are illustrated
in Table 10.

Table 10. Evaluation results after resolving ambiguities

Language Micro Precision (%) Micro Recall (%)

Conf. score | Bigram Mult. | Conf. score | Bigram Mult.
Greek 69,3 73,5 73,8 76,9 81,6 81,9
French 77,0 78,9 79,4 82,1 84,1 84,6
English 65,9 67,5 68,9 74,4 76,2 77,5
Italian 84,4 83,8 84,4 87,6 87,0 87,6
Average 74,2 75,9 76,6 80,3 82,2 82,9

Comparing the results of Table 9 to the results of Table 10, we conclude the
following:

1. Choosing among ambiguous fields, using any of the three methods, achieves an
overall increase in precision, accompanied by a lower decrease in recall. Results
are very encouraging, given the difficulty of the task.

2. Using bigram field transitions for choosing among ambiguous fields achieves
better results that using confidence values. However, the simple multiplicative
model outperforms slightly the two single methods.

To corroborate the effectiveness of the multiplicative model, we counted the number
of correct choices made by the three post-processing methods at each step of the hill-
climbing process, as described in section 3.2. Results are illustrated in Table 11.

Table 11. Counting the ambiguous predictions and the correct choices

Language Distinct | Ambiguous | Corrected Corrected | Corrected
1(s,e) 1(s,e) (Confidence (Bigram (Multiplicative
score) score) score)
Greek 549 490 251 331 336
French 720 574 321 364 374
English 2203 1806 915 996 1062
Italian 727 670 538 458 483
Average 1050 885 506 537 563
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The first column of Table 11 is the number of distinct text fragments ¢, , as defined in
section 3.1, for all pages in the testing corpus. The second column counts the ¢, with
more than one —ambiguous- fields (e.g. the ¢, in Table 6). The last three columns
count the correct choices made by each of the three methods.

We conclude that by using a simple multiplicative model, based on the product of
bigram probabilities and STALKER-assigned confidence scores we make more
correct choices than by using either of the two methods individually.

5 Related Work

Extracting information from multiple Web sites is a challenging issue for the wrapper
induction community. Cohen and Fun [13] present a method for learning page-
independent heuristics for IE from Web pages. However they require as input a set of
existing wrappers along with the pages they correctly wrap. Cohen ef al. [14], also
present one component of a larger system that extracts information from multiple
sites. A common characteristic of both the aforementioned approaches is that they
need to encounter separately each different markup structure during training. In
contrast to this approach, we examine the viability of trainable systems that can
generalize over unseen sites, without encountering each page’s specific structure.

An IE system that exploits shallow linguistic pre-processing information is
presented in [6]. However, they generalize extraction rules relying on lexical units
(tokens), each one associated with shallow linguistic information, e.g., lemma, part-
of-speech tag, etc. We generalize rules relying on named entities, which involve
contiguous lexical units, and thus providing higher flexibility to the wrapper induction
algorithm.

An ontology-driven IE system from pages across different sites is presented in
[15]. However, they rely on hand-crafted (provided by an ontology) regular
expressions, along with a set of heuristics, in order to identify single-slot fields within
a document. On the other hand, we try to induce such expressions using wrapper
induction. Another ontology-driven IE system is presented in [16]. The accuracy of
the induced wrappers, however, highly depends on how representative is the
manually-constructed ontology for the domain of interest.

All systems mentioned in this section experiment with different corpora, and thus
cannot easily be comparatively evaluated.

6 Conclusions and Future Work

This paper presented a methodology for extracting information from Web pages
across different sites, which is based on using a pipeline of three component modules:
a named-entity recognizer, a standard wrapper induction system, and a post-
processing module for disambiguating extracted fields. Experimental results showed
the viability of our approach.
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The issue of disambiguating fields is important for single-slot IE systems used on
the Web. For instance, Hidden Markov Models (HMMs) [8] are a well-known
learning method for performing single-slot extraction. According to this approach, a
single HMM is trained for each field. At run-time, each HMM is applied to a page,
using the Viferbi [17] procedure, to identify relevant matches. Identified matches
across different HMMs may be identical or overlapping resulting in ambiguous fields.
Our post-processing methodology can thus be particularly useful to HMM extraction
tasks.

Bigram modeling is a simplistic approach to the exploitation of dependencies
among fields. We plan to explore higher-level interdependencies among fields, using
higher order n-gram models, or probabilistic FSA, e.g. as learned by the Alergia
algorithm [18]. Our aim is to further increase the number of correct choices made for
ambiguous fields, thus further improving both recall and precision. Dependencies
among fields shall be also investigated in the context of multi-slot extraction.

A bottleneck in existing approaches for IE is the labeling process. Despite the
use of a user-friendly annotation tool [11], the labeling process is a tedious, time-
consuming and error-prone task, especially when moving to a new domain. We
plan to investigate active learning techniques [19] for reducing the amount of
labeled data required. On the other hand, we anticipate that our labeled datasets
will be of use as benchmarks for the comparative evaluation of other current
and/or future IE systems.
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Abstract. This paper introduces a new approach to Web Personaliza-
tion, named Web Community Directories that aims to tackle the prob-
lem of information overload on the WWW. This is realized by applying
personalization techniques to the well-known concept of Web Directories.
The Web directory is viewed as a concept hierarchy which is generated by
a content-based document clustering method. Personalization is realized
by constructing community models on the basis of usage data collected by
the proxy servers of an Internet Service Provider. For the construction of
the community models, a new data mining algorithm, called Community
Directory Miner, is used. This is a simple cluster mining algorithm which
has been extended to ascend a concept hierarchy, and specialize it to the
needs of user communities. The data that are mined present a number
of peculiarities such as their large volume and semantic diversity. Initial
results presented in this paper illustrate the use of the methodology and
provide an indication of the behavior of the new mining method.

1 Introduction

The hypergraphical architecture of the Web has been used to support claims that
the Web will make Internet-based services really user-friendly. However, at its
current state, the Web has not achieved its goal of providing easy access to online
information. Being an almost unstructured and heterogeneous environment it
creates an information overload and places obstacles in the way users access the
required information.

One approach towards the alleviation of this problem is the organization of
Web content into thematic hierarchies, also known as Web directories. A Web
directory, such as Yahoo! [21] or the Open Directory Project [17], allows Web
users to locate information that relates to their interests, through a hierarchy
navigation process. This approach suffers though from a number of problems.
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The manual creation and maintenance of the Web directories leads to limited
coverage of the topics that are contained in those directories, since there are
millions of Web pages and the rate of expansion is very high. In addition, the size
and complexity of the directories is cancelling out any gains that were expected
with respect to the information overload problem, i.e., it is often difficult for a
particular user to navigate to interesting information.

An alternative solution is the personalization of the services on the Web.
Web Personalization [12] focuses on the adaptability of Web-based information
systems to the needs and interests of individuals or groups of users and aims
to make the Web a friendlier environment. Typically, a personalized Web site
recognizes its users, collects information about their preferences and adapts its
services, in order to match the users’ needs. A major obstacle towards realizing
Web personalization is the acquisition of accurate and operational models for
the users. Reliance to manual creation of these models, either by the users or by
domain experts, is inadequate for various reasons, among which the annoyance of
the users and the difficulty of verifying and maintaining the resulting models. An
alternative approach is that of Web Usage Mining [20], which uses data mining
methods to create models, based on the analysis of usage data, i.e., records of
how a service on the Web is used. Web usage mining provides a methodology for
the collection and preprocessing of usage data, and the construction of models
representing the behavior and the interests of users [16].

In this paper, we propose a solution to the problem of information overload,
by combining the strengths of Web Directories and Web Personalization, in or-
der to address some of the above-mentioned issues. In particular we focus on
the construction of usable Web directories that correspond to the interests of
groups of users, known as user communities. The construction of user commu-
nity models with the aid of Web Usage Mining has so far only been studied in
the context of specific Web sites [I5]. This approach is extended here to a much
larger portion of the Web, through the analysis of usage data collected by the
proxy servers of an Internet Service Provider (ISP). The final goal is the con-
struction of community-specific Web Directories. Web Community Directories
can be employed by various services on the Web, such as Web portals, in order
to offer their subscribers a more personalized view of the Web. The members
of a community can use the community directory as a starting point for nav-
igating the Web, based on the topics that they are interested in, without the
requirement of accessing vast Web directories. In this manner, the information
overload is reduced by presenting only a “snapshot” of the initial Web Directory
which is directly related with the users’ interests. At the same time the service
offers added value to its customers since user’s navigation time inside the Web
Directory is reduced.

The construction of community directories with usage mining raises a num-
ber of interesting research issues, which are addressed in this paper. The first
challenge is the analysis of large datasets in order to identify community behav-
ior. In addition to the heavy traffic expected at a central node, such as an ISP, a
peculiarity of the data is that they do not correspond to hits within the bound-



Web Community Directories 115

aries of a site, but record outgoing traffic to the whole of the Web. This fact
leads to the increased dimensionality and the semantic incoherence of the data,
i.e., the Web pages that have been accessed. In order to address these issues
we create a thematic hierarchy of the Web pages by examining their content,
and assign the Web pages to the categories of this hierarchy. An agglomerative
clustering approach is used to construct the hierarchy with nodes representing
content categories. A community construction method then exploits the con-
structed hierarchy and specializes it to the interests of particular communities.
The basic data mining algorithm that has been developed for that purpose, the
Community Directory Miner (CDM), is an extension of the cluster mining algo-
rithm, which has been used for the construction of site-specific communities in
previous work [I5]. The new method proposed here is able to ascend an existing
directory in order to arrive at a suitable level of semantic characterization of the
interests of a particular community.

The rest of this paper is organized as follows. Section 2 presents existing
approaches to Web personalization with usage mining methods that are related
to the work presented here. Section 3 presents in detail our methodology for
the construction of Web community directories. Section 4 provides results of the
application of the methodology to the usage data of an ISP. Finally section 5
summarizes the most interesting conclusions of this work and presents promising
paths for future research.

2 Related Work

In recent years, the exploitation of usage mining methods for Web personaliza-
tion has attracted considerable attention and a number of systems use infor-
mation from Web server log files to construct user models that represent the
behavior of the users. Their differences are in the method that they employ for
the construction of user models, as well as in the way that this knowledge, i.e.,
the models, is exploited. Clustering methods, e.g. [§], [L1] and [22], classification
methods, e.g. [14], and sequential pattern discovery, e.g. [18], have been em-
ployed to create user models. These models are subsequently used to customize
the Web site and recommend links to follow.

Usage data have also been combined with the content of Web pages in [13]. In
this approach content profiles are created using clustering techniques. Content
profiles represent the users’ interests for accessed pages with similar content and
are combined with usage profiles to support the recommendation process. A
similar approach is presented in [7]. Content and usage data are aggregated and
clustering methods are employed for the creation of richer user profiles. In [5],
Web content data are clustered for the categorization of the Web pages that are
accessed by users. These categories are subsequently used to classify Web usage
data.

Personalized Web directories, on the other hand, are mainly associated with
services such as Yahoo! [21] and Excite [6], which support manual personalization
by the user. A semi-automated approach for the personalization of a Web Direc-
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tory like ODP, is presented in [19]. In this work, a high level language, named
Semantic Channel Specification Language (SCSL), is defined in order to allow
users to specify a personalized view of the directory. This view consists of cate-
gories from the Web Directories that are chosen by exploiting the declarations,
offered by SCSL.

Full automation of the personalization process, with the aid of usage mining
methods is proposed in the Montage system [I]. This system is used to create
personalized portals, consisting primarily of links to the Web pages that a par-
ticular user has visited, organized into thematic categories according to the ODP
directory. For the construction of the user model, a number of heuristic metrics
are used, such as the interest in a page or a topic, the probability of revisiting
a page, etc. An alternative approach is the construction of a directory of useful
links (bookmarks) for an individual user, as adopted by the PowerBookmarks
system [9]. The system collects “bookmark” information for a particular user,
such as frequently visited pages, query results from a search engine, etc. Text
classification techniques are used for the assignment of labels to Web pages. An
important issue regarding these methods is the scalability of the classification
methods that they use. These methods may be suitable for constructing models
of what a single user usually views, but their extendibility to aggregate user mod-
els is questionable. Furthermore, the requirement for a small set of predefined
classes complicates the construction of rich hierarchical models.

In contrast to existing work, this paper proposes a novel methodology for the
construction of Web directories according to the preferences of user communities,
by combining document clustering and usage mining techniques. A hierarchical
clustering method is employed for document clustering using the content of the
Web pages. Subsequently, the hierarchy of document categories is exploited by
the Web usage mining process and the complete paths of this hierarchy are
used for the construction of Web community directories. This approach differs
from the related work mentioned above, where the content of the Web pages
is clustered in order to either enhance the user profiles or to assign Web usage
data to content categories. The community models are aggregate user models,
constructed with the use of a simple cluster mining method, which has been
extended to ascend a concept hierarchy, such as a Web directory, and specialize
it to the preferences of the community.

The construction of the communities is based on usage data collected by the
proxy servers of an Internet Service Provider (ISP), which is also a task that
has not been addressed adequately in the literature. This type of data has a
number of peculiarities, such as its large volume and its semantic diversity, as it
records the navigational behavior of the users throughout the Web, rather than
within a particular Web site. The methodology presented here addresses these
issues and proposes a new way of exploiting the extracted knowledge. Instead
of link recommendation or site customization, it focuses on the construction of
Web community directories, as a new way of personalizing services on the Web.
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3 Constructing Web Community Directories

The construction of Web community directories is seen here as the end result of
a usage mining process on data collected at the proxy servers of a central service
on the Web. This process consists of the following steps:

— Data Collection and Preprocessing, comprising the collection and cleaning of
the data, their characterization using the content of the Web pages, and the
identification of user sessions. Note that this step involves a separate data
mining process for the discovery of content categories and the characteriza-
tion of the pages.

— Pattern Discovery, comprising the extraction of user communities from the
data with a suitably extended cluster mining technique, which is able to
ascend a thematic hierarchy, in order to discover interesting patterns.

— Knowledge Post-Processing, comprising the translation of community mod-
els into Web community directories and their evaluation.

An architectural overview of the discovery process is given in Figure [I, and
described in the following sections.

Proxy Server

—— -
E—.' Data Cn;l(lectlon
Logs l’: Preprocessing %
—_—— Hierarchical
| Document

% Clustering

|
Web Community

Directory
l& Page Categories

74

Pattern Discovery

User Communities

Fig. 1. The process of constructing Web Community Directories.
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3.1 Data Collection and Preprocessing

The usage data that form the basis for the construction of the communities are
collected in the access log files of proxy servers, e.g. ISP cache proxy servers.
These data record the navigation of the subscribers through the Web. No record
of the user’s identification is being used, in order to avoid privacy violations.
However, the data collected in the logs are usually diverse and voluminous. The
outgoing traffic is much higher than the usual incoming traffic of a Web site
and the visited pages less coherent semantically. The task of data preprocessing
is to assemble these data into a consistent, integrated and comprehensive view,
in order to be used for pattern discovery. The first stage of data preprocessing
involves data cleaning. The aim is to remove as much noise from the data as
possible, in order to keep only the Web pages that are directly related to the
user behavior. This involves the filtering of the log files to remove data that
are downloaded without a user explicitly requesting them, such as multimedia
content, advertisements, Web counters, etc. Records with HTTP error codes that
correspond to bad requests, or unauthorized accesses are also removed.

The second stage of data preprocessing involves the thematic categorization
of Web pages, thus reducing the dimensionality and the semantic diversity of
data. Typically, Web page categorization approaches, e.g. [4] and [10], use text
classification methods to construct models for a small number of known thematic
categories of a Web directory, such as that of Yahoo!. These models are then used
to assign each visited page to a category. The limitation of this approach with
respect to the methodology proposed here, is that it is based on a dataset for
training the classifiers, which is usually limited in scope, i.e., covers only part of
the directory. Furthermore, a manually-constructed Web directory is required,
suffering from low coverage of the Web.

In contrast to this approach, we build a taxonomy of Web pages included in
the log files. This is realized by a document clustering approach, which is based
on terms that are frequently encountered in the Web pages. Each Web page is
represented by a binary feature vector, where each feature encodes the presence
of a particular term in the document. A hierarchical agglomerative approach
[23] is employed for document clustering. The nodes of the resulting hierarchy
represent clusters of Web pages that form thematic categories. By exploiting
this taxonomy, a mapping can be obtained between the Web pages and the
categories that each page is assigned to. Moreover, the most important terms
for each category can be extracted, and be used for descriptive labeling of the
category. For the sake of brevity we choose to label each category using a numeric
coding scheme, representing the path from the root to the category node, e.g.
“1.4.8.19” where “1” corresponds to the root of the tree.

This document clustering approach has the following advantages: first a hi-
erarchical classification of Web documents is constructed without any human
expert intervention or other external knowledge; second the dimensionality of
the space is significantly reduced since we are now examining the page cate-
gories instead of the pages themselves; and third the thematic categorization is
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directly related to the preferences and interests of the users, i.e. the pages they
have chosen to visit.

The third stage of preprocessing involves the extraction of access sessions.
An access session is a sequence of log entries, i.e., accesses to Web pages by
the same IP address, where the time interval between two subsequent entries
does not exceed a certain time interval. In our approach, pages are mapped onto
thematic categories that correspond to the leaves of the hierarchy and therefore
an access session is translated into a sequence of categories.

Access sessions are the main input to the pattern discovery phase, and are
extracted as follows:

1. Grouping the logs by date and IP address.

2. Selecting a time-frame within which two records from the same IP address
can be considered to belong in the same access session.

3. Grouping the Web pages (thematic categories) accessed by the same IP
address within the selected time-frame to form a session.

Finally, access sessions are translated into binary feature vectors. Each feature
in the vector represents the presence of a category in that session.

Note that in the current approach we are simply interested of the presence or
absence of category in a given session. There are though cases, where a certain
category has multiple occurrences in a session that probably shows that a user is
particularly interest in the topic that this category represents. This information
is lost where the sessions are translated into binary vectors. This is an important
issue for the personalization of the Web directories that we be handled in a future
work.

3.2 Extraction of Web Community Directories

Once the data have been translated into feature vectors, they are used to discover
patterns of interest, in the form of community models. This is done by the
Community Directory Miner (CDM), an enhanced version of the cluster mining
algorithm. This approach is based on the work presented in [I5] for site-specific
communities.

Cluster mining discovers patterns of common behavior by looking for all max-
imal fully-connected subgraphs (cliques) of a graph that represents the users’
characteristic features, i.e., thematic categories in our case. The method starts
by constructing a weighted graph G(A,E, WA, WE). The set of vertices A cor-
responds to the descriptive features used in the input data. The set of edges
E corresponds to feature co-occurrence as observed in the data. For instance,
if the user visits pages belonging to categories “1.3.5” and “1.7.8” an edge is
created between the relevant vertices. The weights on the vertices W4 and the
edges Wg are computed as the feature occurrence and co-occurrence frequencies
respectively.

Cluster mining does not attempt to form independent user groups, but the
generated clusters group together characteristic features of the users directly. If
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needed, a user can be associated with the clique(s) that best match the user’s
behaviour. Alternatively each user can be associated probabilistically with each
of the cliques. The focus of our work is on the discovery of the behavioural
patterns of user communities. For this reason, no attempt is made to match
individual users with the cliques generated by the cluster mining algorithm.

Figure Blshows an example of such a graph. The connectivity of the graph is
usually very high. For this reason we make use of a connectivity threshold aiming
to reduce the edges of the graph. This threshold is related to the frequency of
the thematic categories in the data. In our example in Figure 2], if the threshold
is 0.07 the edge (“1.3.5”, “1.3.6”) is dropped.

Once, the connectivity of the graph has been reduced,the weighted graph
is turned to an unweighted one. This is realised by replacing in the adjacency
matrix of the original graph the remaining weights with 1’s and the removed
weights, due to the threshold, with 0’s. This is a simplified approach for handling
the initial weights of the graph and further work is required in order to be
able to include these weights in the process. Finally all maximal cliques of the
unweighted graph are generated, each one corresponding to a community model.
One important advantage of this approach is that each user may be assigned to
many communities, unlike most user clustering methods.

Fig. 2. An example of a graph for cluster mining.

CDM enhances cluster mining so as to be able to ascend a hierarchy of topic
categories. This is achieved by updating the weights of the vertices and the
nodes in the graph. Initially, each category is mapped onto a set of categories,
corresponding to its parent and grandparents in the thematic hierarchy. Thus,
the category “1.6.12.122.258” is also mapped onto the following categories: “1”,
“1.6”, “1.6.12”7, “1.6.12.122”. The frequency of each of these categories is in-
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creased by the frequency of the initial child category. Thus, the frequency of
each category corresponds to its own original frequency, plus the frequency of
its children. The underlying assumption for the update of the weights is that if
a certain category exists in the data, then its parent categories should also be
examined for the construction of the community model. In this manner, even
if a category (or a pair of categories) have a low occurrence (co-occurrence)
frequency, their parents may have a sufficiently high frequency to be included
in a community model. This enhancement allows the algorithm to start from
a particular category and ascend the topic hierarchy accordingly. The result is
the construction of a topic tree, even if only a few nodes of the tree exist in the
usage data.
The CDM algorithm can be summarized in the following steps:

1. Step 1: Compute frequencies of categories that correspond to the weights of
the vertices. More formally, if a;; is the value of a feature 7 in the binary
feature vector j, and there are N vectors, the weight w; for that vertex is
calculated as follows:

Yo aij
TN o

2. Step 2: Compute co-occurrence frequencies between categories that corre-
spond to the weights of the edges. If a, is a binary indicator of whether
features 7 and k co-occur in vector j, then the weight of the edge w; is
calculated as follows: N
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3. Step 3: Update the weights of categories, i.e. vertices, by adding the frequen-
cies of their children. More formally, if w, is the weight of a parent vertex p
and w; is the weight of a child vertex 4, the final weight wé,of the parent is
computed as follows:

w; :wp—i—ZwZ' (3)

This calculation is repeated recursively ascending the hierarchy of the Web
directory. Similarly, the edge weights are updated, as all the parents and
grandparents of the categories that co-occur in a session, are also assumed
to co-occur.

4. Step 4: Turn the weighted graph of categories into an unweighted one by re-
moving all the weights from the nodes and the edges and find all the mazximal
cliques. [3].

3.3 Post-processing the Web Community Directories

The discovered patterns are topic trees, representing the community models,
i.e., behavioral patterns that occur frequently in the data. That means that
each clique generated by the CDM algorithm contains the complete path of
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each of the categories, i.e. the category itself as well as its parent categories.
These models are usable as Web community directories, and can be delivered by
various means to the users of a community. A pictorial view of such a directory
is shown in Figure [3, where the community directory is “superimposed” onto
the hierarchy of categories. Grey boxes represent the categories that belong to
a particular community, while white boxes represent the rest of the categories
in the Web directory. Each category has been labelled using the most frequent
terms of the Web pages that belong to this category. The categories “12.2”,
“18.79” and “18.85” appear in the community model, due to the frequency of
their children. Furthermore, some of their children, e.g. “18.79.5” and “18.79.6”
(the spotted boxes) may also not be sufficiently frequent to appear in the model.
Nevertheless, they force their parent category, i.e., “18.79” into the model.
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Fig. 3. An example of a Web community directory.

Thus, the initial Web Directory is shrinked, as some of the categories are
completely removed. For example the categories labelled “12” and “12.2” do not
appear in the final Web Community Directory, since the sibling of node “12.2”
has been removed and therefore nodes “12” and “12.2” deterministically lead to
the leaf category “12.2.45”. However, some of the categories that do not belong
in the community directory, according to the CDM algorithm, are maintained
and presented to the final user. In particular, we ignore the bottom-up pruning of
the directory, achieved by CDM. In our example although the category “18.79”
has been identified as a leaf node of the Web Community Directory, in the
presentation of the directory to the user we keep the child categories “18.79.5”
and “18.79.6”. The reason for ignoring the bottom-up pruning of the directory, is
that although we end up with a smaller tree, the number of Web pages included in
the higher-level nodes is bound to be overwhelming for the user. In other words,
we prefer to maintain the original directory structure below the leaf nodes of the
community directory, rather than associating a high-level category with a large
list of Web pages, i.e., the pages of all its sub-categories. Clearly, this removes
one of the gains from the CDM algorithm and further work is required in order
to be able to selectively take advantage of the bottom-up pruning.
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4 Experimental Results

The methodology introduced in this paper for the construction of Web com-
munity directories has been tested in the context of a research project, which
focuses on the analysis of usage data from the proxy server logs of an Internet
Service Provider. We analyzed log files consisting of 781,069 records. In the stage
of pre-processing, data cleaning has been performed and the remaining data has
been characterized using the hierarchical agglomerative clustering mentioned
in section 3.l The process resulted in the creation of 998 distinct categories.
Based on these characterized data, we constructed 2,253 user sessions, using
a time-interval of 60 minutes as a threshold on the “silence” period between
two consecutive requests from the same IP. After mapping the Web pages of
the sessions to the categories of the hierarchy, we translated the sessions into
binary vectors and analyzed them by the CDM algorithm, in order to identify
community models, in the form of topic trees.

The evaluation process consisted of two phases. In the first phase we evalu-
ated the methodology that we employed to construct our models, whilst in the
second phase we evaluated the usability of our models, i.e. the way that real-
world users can benefit from the We Community Directories approach that we
have employed.

4.1 Model Evaluation

Having generated the community models, we need to decide on their desired
properties, in order to evaluate them. For this purpose, we use ideas from existing
work on community modeling and in particular the measure of distinctiveness
[15]. When there are only small differences between the models, accounting for
variants of the same community, the segmentation of users into communities is
not interesting. Thus, we are interested in community models that are as distinct
from each other as possible. We measure the distinctiveness of a set of models
M by the ratio between the number of distinct categories that appear in M and
the total number of categories in M. Thus, if J the number of models in M, A;
the categories used in the j-th model, and A’ the different categories appearing
at least in one model, distinctiveness is given by equation 4.

4
Ej Aj

As an example, if there exits a community model with the following simple
(one-level) communities:

Distinctiveness(M)

(4)

Community 1: 12.3.4, 18.3.2, 15.6.4
Community 2: 15.6.4, 2.3.6
Community 3: 12.3.4, 2.3.6
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then the number of distinct categories is 4, i.e., 12.3.4, 18.3.2, 15.6.4, and 2.3.6,
while the total number of categories is 7. Thus, the distinctiveness of the model is
0.57. The optimization of distinctiveness by a set of community models indicates
the presence of useful knowledge in the set. Additionally, the number of distinct
categories A’ that are used in a set of community models is also of interest as it
shows the extent to which there is a focus on a subset of categories by the users.

Figures @] and [@ present the results that we obtained, using these two model
evaluation measures.
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Fig. 4. Distinctiveness as a function of the connectivity threshold.

Figure dl shows how the distinctiveness of the resulting community models
increases as the connectivity threshold increases, i.e., as the requirement on the
frequency of occurrence/co-occurrence becomes “stricter”. The rate of increase
is higher for smaller values of the threshold and starts to dampen down for
values above 0.7. This effect is justified by the decrease in the number of distinct
categories, as shown in Figure[d. Nevertheless, more than half of the categories
have frequency of occurrence greater than 600 (threshold 0.6), while at that
threshold value the level of distinctiveness exceeds 0.7, i.e. 70% of the categories
that appear in the model are distinct. These figures provide an indication of
the behavior and the effectiveness of the community modeling algorithm. At
the same time, they assist in selecting an appropriate value for the connectivity
threshold and a corresponding set of community models. Not that, in the current
approach the selection of the proper value of the connectivity threshold is done
manually, although we are examining more sophisticated techniques in order to
automate this process.
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Fig. 5. Number of distinct categories as a function of the connectivity threshold.

4.2 Usability Evaluation

Apart from evaluating the composition of our model we have also considered a
methodology that shows how a real-world user can benefit from our approach.
This methodology has focused on: (a) how well our model can predict what the
user is looking for, and (b) what the user gains by using a Web Community
Directory against using the original Web Directory.

In order to realize this, we followed a common approach used for recommen-
dation systems [2], i.e., we have hidden the last hit, i.e. category, of each user
session, and tried to see whether and how the user can get to it, using the com-
munity directory to which the particular user session is assigned. The hidden
category is called the “target” category here. The assignment of a user session
to a community directory is based on the remaining categories of the session and
is done as follows:

1. For each of the categories in the user session, excluding the “target” category,
we identified the community directories that contain it, if any.

2. Since the categories in the access sessions might belong to more than one
community directory, we identified the three most prevalent community di-
rectories, i.e. the directories that contain most of the categories in a partic-
ular access session.

3. From these three prevalent community directories a new and larger directory
is constructed by joining the three hierarchies. In this manner, a session-
specific community directory is constructed.

The resulting, session-specific directories are used in the evaluation.
The first step of the evaluation process was to estimate the coverage of our
model, which corresponds to the predictiveness of our model, i.e. the number of
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target categories that are covered by the corresponding community directories.
This is achieved by counting the number of user sessions, for which the commu-
nity directory, as explained before, covers the target category. The results for
various connectivity thresholds are shown in Figure @l
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Fig. 6. Model Coverage as a function of the connectivity threshold.

The next step of the usability evaluation was to estimate the actual gain that
a user would have by following the community directory structure, instead of the
complete Web directory. In order to realize this we followed a simple approach
that is based on the calculation of the effort that a user is required to exert
in order to arrive at the target category. We estimated this effort based on the
user’s navigation path inside a directory, in order to arrive at the target category.
This is estimated by a new metric, named ClickPath, which takes into account
the depth of the navigation path as well as the branching factor at each step.
More formally:

d
ClickPath = _b;, (5)

j=1

where d the depth of the path and b; the branching factor at the j-th step.
Hence, for each user session whose target category is covered by the corre-
sponding community directory, we calculated the ClickPath for the community
directory and for the original Web Directory. The final user gain is estimated as
the ratio of these two results, and for various thresholds it is shown in Figure [7]
From the above figures we can conclude that regarding the coverage of our
model more than 80% of the target categories can be predicted. At the same
time the user gain is around 20%, despite the fact that we completely ignore the
bottom-up pruning that can be achieved by the CDM algorithm, as explained in
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Fig. 7. User Gain as a function of the connectivity threshold.

section B3l These numbers give us an initial indication of the benefits that we
can obtain by personalizing Web Directories to the needs and interests of user
communities. However, we have only estimated the gain of the end user and we
have not weighted up any “losses” that could be encountered in the case the user
would not find the interesting category that is looking for in the personalised
directory. This issue would be examined in a future work.

5 Conclusions and Future Work

This paper has introduced the concept of a Web Community Directory, as a
Web Directory that specialises to the needs and interests of particular user com-
munities. Furthermore, it presented a novel methodology for the construction
of such directories, with the aid of document clustering and Web usage mining.
In this case, user community models take the form of thematic hierarchies and
are constructed by a cluster mining algorithm, which has been extended to take
advantage of an existing directory, and ascend its hierarchical structure. The
initial directory is generated by a document clustering algorithm, based on the
content of the pages appearing in an access log.

We have tested this methodology by applying it on access logs collected
at the proxy servers of an ISP and have provided initial results, indicative of
the behavior of the mining algorithm and the usability of the resulting Web
Community Directories. Proxy server logs have introduced a number of inter-
esting challenges, such as their size and their semantic diversity. The proposed
methodology handles these problems by reducing the dimensionality of the prob-
lem, through the categorization of individual Web pages into the categories of
a Web directory, as constructed by document clustering. In this manner, the
corresponding community models take the form of thematic hierarchies.
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The combination of two different approaches to the problem of information
overload on the Web, i.e. thematic hierarchies and personalization, as proposed
in this paper, introduces a promising research direction, where many new issues
arise. Various components of the methodology could be replaced by a number of
alternatives. For instance, other mining methods could be adapted to the task
of discovering community directories and compared to the algorithm presented
here. Similarly, different methods of constructing the initial thematic hierarchy
could be examined. Moreover, additional evaluation is required, in order to test
the robustness of the mining algorithm to a changing environment.

Another important issue that will be examined in a further work is the scala-
bility of our approach, to larger datasets,i.e. for larger log files that would result
in a larger number of sessions. However, the performance of the the whole pro-
cess, together with the CDM algorithm itself, gave us promising indications for
the scalability of our method. Finally, more sophisticated metrics could also be
employed for examining the usability of the resulting community directories.
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Abstract. In the Internet era, huge amounts of data are available to
everybody, in every place and at any moment. Searching for relevant
information can be overwhelming, thus contributing to the user’s sense
of information overload. Building systems for assisting users in this task
is often complicated by the difficulty in articulating user interests in a
structured form - a profile - to be used for searching. Machine learning
methods offer a promising approach to solve this problem. Our research
focuses on supervised methods for learning user profiles which are pre-
dictively accurate and comprehensible.

The main goal of this paper is the comparison of two different approaches
for inducing user profiles, respectively based on Inductive Logic Program-
ming (ILP) and probabilistic methods. An experimental session has been
carried out to compare the effectiveness of these methods in terms of clas-
sification accuracy, learning and classification time, when coping with the
task of learning profiles from textual book descriptions rated by real users
according to their tastes.

1 Introduction

The ever increasing popularity of the Internet has led to a huge increase in
the number of Web sites and in the volume of available on-line data. Users
are swamped with information and have difficulty in separating relevant from
irrelevant information. This leads to a clear demand for automated methods able
to support users in searching the extremely large Web repositories in order to
retrieve relevant information with respect to users’ individual preferences. The
problem complexity could be lowered by the automatic construction of machine
processable profiles that can be exploited to deliver personalized content to the
user, fitting his or her personal interests.

Personalization has become a critical aspect in many popular domains such
as e-commerce, where a user explicitly wants the site to store information such
as preferences about himself or herself and to use this information to make
recommendations. Exploiting the underlying one-to-one marketing paradigm is
essential to be successful in the increasingly competitive Internet marketplace.

B. Berendt et al. (Eds.): EWMF 2003, LNAI 3209, pp. 130-T47 2004.
(© Springer-Verlag Berlin Heidelberg 2004
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Recent research on intelligent information access and recommender systems
has focused on the content-based information recommendation paradigm: it re-
quires textual descriptions of the items to be recommended [6].

In general, a content-based system analyzes a set of documents rated by an
individual user and exploits the content of these documents to infer a model or
profile that can be used to recommend additional items of interest.

The user’s profile is built and maintained according to an analysis that is
applied to the contents of the documents that the user has previously rated.
For example, a user profile can be a text classifier able to distinguish between
interesting and uninteresting documents. In recent years, text categorization,
which can be defined as the content-based assignment of one or more predefined
categories to text, has emerged as an application domain to machine learning
techniques. Many approaches that suggest the construction of classifiers using
induction over preclassified examples have been proposed [13]. These includes
numerical learning, such as Bayesian classification [4] or symbolic learning like
in [8]. In [5] are presented empirical results on text categorization performance
of two inductive learning algorithms, one based on Bayesian classifiers and the
other on decision trees. They attempt to study the effect that characteristics
of text have on inductive learning algorithms, and what are the performance of
purely learning-based methods. They found that feature selection mechanisms
are of crucial importance, due to the fact that the primary influence on induc-
tive learning applied to text categorization is the large number of features that
natural language provides. In this paper we present a comparison between two
different learning strategies to infer models of users’ interests from text: an ILP
approach and a naive bayes method. Motivation behind our research is the real-
ization that user profiling and machine learning techniques can be used to tackle
the relevant information problem already described.

The application of text categorization methods to the problem of learning
user profiles is not new: the LIBRA system [7] makes content-based book recom-
mending by applying a naive Bayes text categorization method to product de-
scriptions in Amazon.com. A similar approach, adopted by Syskill & Webert [10],
tracks the users browsing to formulate user profiles. The system identifies infor-
mative words from Web pages to be used as boolean features and learns a naive
Bayesian classifier to discriminate interesting Web pages on a particular topic
from uninteresting ones. The authors compare six different algorithms from ma-
chine learning and information retrieval on the task and they find that the naive
Bayesian classifier offers several advantages over other learning algorithms. They
also show that the Bayesian classifier performs well, in terms of both accuracy
and efficiency. Therefore, we have decided to use the naive Bayesian classifier as
the default algorithm in our Item Recommender system because it is very fast
for both learning and predicting, which are crucial factors in learning user pro-
files. The learning time of this classifier is linear in the number of examples and
its prediction time is independent of the number of examples. Moreover, our re-
search aims at comparing this technique with a symbolic approach able to induce
profiles that are more readable from a human understandability viewpoint.
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Experiments reported in this paper evaluated the effects of the ILP and
the Bayesian methods in learning intelligible profiles of users’ interests. The
experiments were conducted in the context of a content-based profiling system
for virtual bookshop on the World Wide Web. In this scenario, a client side utility
has been developed in order to download documents (book descriptions) for a
user from the Web and to capture user’s feedback regarding his liking/disliking
on the downloaded documents. Then this knowledge can be exploited by the two
different machine learning techniques so that when a trained system encounters
a new document it can intelligently infer whether this new document will be
liked by the user or not. This strategy can be used to make recommendations to
the user about new books. The experiments reported here investigate also the
effect of using different representations of the profiles.

The structure of the remainder of the paper is as follows: Section [ describes
the ILP system INTHELEX and its main features, while the next section in-
troduces Item Recommender, the system that implements a statistical learning
process to induce profiles from text. Then a detailed description of the exper-
iments is given in Section H] along with an analysis of the results by means
of a statistical test. Section 5l presents how user profiles can be exploited for
personalization purposes. Finally, Section [0 draws some general conclusions.

2 INTHELEX

INTHELEX (INcremental THEory Learner from EXamples) [3] is a learning
system for the induction of hierarchical theories from positive and negative ex-
amples which focuses the search for refinements by exploiting the Object Iden-
tity [I4] bias on the generalization model (according to which terms denoted
by different names must be distinct). It is fully and inherently incremental: this
means that, in addition to the possibility of taking as input a previously gener-
ated version of the theory, learning can also start from an empty theory and from
the first available example; moreover, at any moment the theory is guaranteed
to be correct with respect to all of the examples encountered thus far. This is a
fundamental issue, since in many cases deep knowledge about the world is not
available. Incremental learning is necessary when either incomplete information
is available at the time of initial theory generation, or the nature of the concepts
evolves dynamically, which are unnegligible issues for learning user profiles. In-
deed, generally users’ accesses to a source of information are distributed in time,
and the system is not free to choose when to start the learning process because
a theory is needed since the first access of the user. Hence, for each new access
the system tries to assess the validity of the theory (if available) with respect
to this new observation. INTHELEX can learn simultaneously various concepts,
possibly related to each other, and is based on a closed loop architecture — i.e.
the learned theory correctness is checked on any new example and, in case of
failure, a revision process is activated on it, in order to restore completeness and
consistency.



Evaluation and Validation of Two Approaches to User Profiling 133

INTHELEX learns theories expressed as sets of Datalog®! clauses (function
free clauses to be interpreted according to the Object Identity assumption). It
adopts a full memory storage strategy — i.e., it retains all the available examples,
thus the learned theories are guaranteed to be valid on the whole set of known
examples — and it incorporates two inductive operators, one for generalizing
definitions that reject positive examples, and the other for specializing definitions
that explain negative examples. Both these operators, when applied, change the
set of examples the theory accounts for.

The logical architecture of INTHELEX is organized as in Figure [l A set of
examples of the concepts to be learned, possibly selected by an Expert, is pro-
vided by the Environment. Examples are definite ground Horn clauses, whose
body describes the observation by means of only basic non-negated predicates of
the representation language adopted for the problem at hand, and whose head
lists all the classes for which the observed object is a positive example and all
those for which it is a negative one (in this case the class is negated). Single
classifications are processed separately, in the order they appear in the list, so
that the teacher can still decide which concepts should be taken into account
first and which should be taken into account later. It is important to note that
a positive example for a concept is not considered as a negative example for
all the other concepts (unless it is explicitly stated). The set of all examples
can be subdivided into three subsets, namely training, tuning, and test exam-
ples, according to the way in which examples are exploited during the learning
process. Specifically, training examples, previously classified by the Expert, are
abstracted and stored in the base of processed examples, then exploited by the
Rule Generator to obtain a theory that is able to explain them. Such an initial
theory can also be provided by the Expert, or even be empty. Subsequently, the
Rule Interpreter checks the validity of the theory against new available exam-
ples, also abstracted and stored in the example base, taking the set of inductive
hypotheses and a tuning/test example as input and producing a decision. The
Critic/Performance Evaluator compares such a decision to the correct one. In
the case of incorrectness on a tuning example, it can locate the cause of the
wrong decision and choose the proper kind of correction, firing the theory re-
vision process. In this way, tuning examples are exploited incrementally by the
Rule Refiner to modify incorrect hypotheses according to a data-driven strat-
egy. The Rule Refiner consists of two distinct modules, a Rule Specializer and
a Rule Generalizer, which attempt to correct hypotheses that are too weak or
too strong, respectively. Test examples are exploited just to check the predictive
capabilities of the theory, intended as the behavior of the theory on new observa-
tions, without causing a refinement of the theory in the case of incorrectness on
them. Both the Rule Generator and the Rule Interpreter may exploit abduction
to hypothesize facts that are not explicitly present in the observations.

The Rule Generalizer is activated when a positive example is not covered,
and a revised theory is obtained in one of the following ways (listed by decreasing
priority) such that completeness is restored:
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Fig. 1. INTHELEX architecture

— replacing a clause in the theory with one of its generalizations against the
problematic example;

— adding a new clause to the theory, obtained by properly turning constants
into variables in the problematic example;

— adding the problematic example as a positive exception.

While as regards the Rule Specializer, on the other hand, when a negative
example is covered, the system outputs a revised theory that restores consistency
by performing one of the following actions (by decreasing priority):

— adding positive literals that are able to characterize all the past positive
examples of the concept (and exclude the problematic one) to one of the
clauses that concur to the example coverage;

— adding a negative literal that is able to discriminate the problematic example
from all the past positive ones to the clause in the theory by which the
problematic example is covered;

— adding the problematic example as a negative exception.

An exception contains a specific reference to the observation it represents, as
it occurs in the tuning set; new incoming observations are always checked with
respect to the exceptions before the rules of the related concept. This does not
lead to rules which do not cover any example, since exceptions refer to specific
objects, while rules contain variables, so they are still applicable to other objects
than those in the exceptions.

It is worth noting that INTHELEX never rejects examples, but always refines
the theory. Moreover, it does not need to know a priori what is the whole set of
concepts to be learned, but it learns a new concept as soon as examples about
it are available.
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2.1 Learning User Profiles with INTHELEX

We were led by a twofold motivation to exploit INTHELEX on the problem
of learning user profiles. First, its representation language (First-Order Logic)
is more suitable than numeric/probabilistic approaches to obtain intuitive and
human readable rules, which are a highly desirable feature in order to understand
the user preferences. Second, incrementality is an undeniable requirement in the
given task, since new information on a user is available each time he issues a
query, and it would be desirable to be able to refine the previously generated
profile instead of completely rejecting it and learning a new one from scratch.
Moreover, a user’s interests and preferences might change in time, a problem
that only incremental systems are able to tackle.

INTHELEX is specifically designed to learn first-order logic theories. In par-
ticular, it is suitable when the descriptions of the concepts to be learned are not
flat, i.e. they include not only the properties of the objects but also relations
between them. However, as we will see later, in the given environment a user
profile is described by a list of attributes with an associated value, which corre-
sponds to a propositional representation rather than a first-order one. Hence, in
this case the full potentiality of INTHELEX is not entirely exploited, and this
should be taken into account when evaluating results.

A further problem that arises in this type of learning task is due to the
lack of precise mental schemas in the user for rating a book. Indeed, in many
cases, the choice of a book relies on the presence of details appearing in only
a few descriptions (e.g., the name of the favourite author). In such a situation,
learning a definition for the mental schema of a user becomes more difficult and
the resulting profile will be imprecise. This problem is more evident when the
system is provided with few users’ preferences. On the contrary, when the user’s
accesses are more frequent, it should (hopefully) be easier to find what is the
main trend of the user.

Since INTHELEX is not currently able to handle numeric values, it was not
possible to learn preference rates in the continuous interval [0,1] like in the
probabilistic approach. Thus, a discretization was needed. Instead of learning a
definition for each of the 10 possible votes, we decided to learn just two possible
classes of interest: “likes”, describing that the user likes a book, and its opposite
“not(likes)”. Specifically, the former (positive examples) encompasses all rates
ranging from 6 to 10, while the latter (negative examples) included all the oth-
ers (from 1 to 5). It is worth noting that such a discretization step is not in
charge of the human supervisor, since a proper abstraction operator embedded
in INTHELEX can be exploited for carrying out this task. Moreover, it has a
negligible computational cost, since each numeric value is immediately mapped
onto the corresponding discretized symbolic value.

2.2 Representation of Profiles

Each book description is represented in terms of three components by using pred-
icates slot_title(b,t), slot_author(b,au), and slot_annotation(b,an), in-
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dicating, respectively, that the book ‘b’ contains a title, an author and an an-
notation, where the objects ‘t’, ‘au’ and ‘an’ are, respectively, the title, au-
thor and annotation of the book ‘b’. Any word in the book description is
represented by a predicate corresponding to its stem, and linked to both the
book itself and the single slots in which it appears. For instance, predicate
prolog(slot_title,stp) indicates that object ‘stp’ has stem ‘prolog’ and is
contained in slot ‘slot_title’; in such a case, also a literal prolog(book) is
present to say that stem ‘prolog’ is present in the book description.

Also the number of occurrences of each word in each slot was represented
by means of the following predicates: occ_1, occ_2, occm, occ_12, occ_2m. A
predicate occ_X(Y) indicates that term Y occurs X times, while a predicate
occ_XY(Z) indicate that the term Z occurs from X to Y times. Again, such
a ‘discretization’ was needed because numeric values cannot be dealt with in
INTHELEX. Note that all the predicates representing intervals to which the
value to be represented belongs must be used to represent it; thus, many such
predicates can be needed to represent the occurrences of a term. For instance, if a
term occurs once, then it occurs also from 1 to 2 (occ_12) times and from 1 to m
(occ_1m) times. Figure Plshows an example for the class 1ikes. Given the specific
value in the example, all the intervals to which it belongs are automatically
added by the system by putting this information in the background knowledge
and exploiting its saturation operator. Predicates describing intervals are needed
to obtain generalizations based also on the number of word’s occurrences in a
book. In particular, if a word w occurs once in a description d and twice in
a description d’, the possible generalizations of the number of occurrences are
occ_12, occ_1m.

3 Item Recommender

ITR (ITem Recommender) [2] is a system able to recommend items based on
their textual descriptions. It implements a probabilistic learning algorithm to
classify texts, the naive Bayes classifier. Naive Bayes has been shown to perform
competitively with more complex algorithms and has become an increasingly
popular algorithm in text classification applications [I0l7].

The prototype is able to classify text belonging to a specific category as
interesting or uninteresting for a particular user. For example, the system could
learn the target concept ”textual descriptions the user finds interesting in the
category Computer and Internet”.

Bayesian reasoning provides a probabilistic approach to inference. It is based
on the assumption that the quantities of interest are governed by probabilistic
distributions and that optimal decision can be made by reasoning about these
probabilities together with observed data.

In the learning problem, each instance (item) is represented by a set of slots.
Each slot is a textual field corresponding to a specific feature of an item.
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likes(book_501477998) :-
slot_title(book_501477998, slott),
practic(slott, slottitlepractic),
occ_1(slottitlepractic),
occ_12(slottitlepractic),
occ_1lm(slottitlepractic),
prolog(slott, slottitleprolog),
occ_1(slottitleprolog),
occ_12(slottitleprolog),
occ_1lm(slottitleprolog)
slot_authors(book_501477998, slotau),
1_sterling(slotau, slotauthorsl_sterling),
occ_1(slotauthorsl_sterling),
occ_12(slotauthorsl_sterling),
occ_lm(slotauthorsl_sterling),
slot_annotation(book_501477998, slotan),
1_sterling(book_501477998),
practic(book_501477998),
prolog(book_501477998) .

Fig. 2. First-Order Representation of a Book

The text in each slot is a collection of words (a bag of word, BOW) processed
taking into account their occurrences in the original text. Thus, each instance is
represented as a vector of BOWs, one for each slot.

Moreover, each instance is labelled with a discrete rating (from 1 to 10)
provided by a user, according to his or her degree of interest in the item.

According to the Bayesian approach to classify natural language text docu-
ments, given a set of classes C= {ci, ca, ..., ¢|¢|}, the conditional probability
of a class ¢; given a document d is calculated as follows:

Plld) = g Pldles)

In our problem, we have only 2 classes: ¢, represents the positive class (user-
likes, corresponding to ratings from 6 to 10), and c¢_ the negative one (user-
dislikes, ratings from 1 to 5). Since instances are represented as a vector of
documents, (one for each BOW), and assumed that the probability of each word
is independent of the word’s context and position, the conditional probability of
a category c; given an instance d; is computed using the formula:

P(e;lds) S M)
m=1 k=1
where S= {s1, s2, ..., 5|/} is the set of slots, b;,, is the BOW in the slot s, of

the instance d;, Ny i the number of occurrences of the token t in b;,,.
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In (), since for any given document, the prior P(d;) is a constant, this factor
can be ignored if the only interest concerns a ranking rather than a probability
estimate. To calculate (), we only need to estimate the probability terms P(c;)
and P(tg|c;, $m), from the training set, where each instance is weighted according
to the user rating r:

r—1
9 b)

X2

w;zl—wi (2)

[
w+—

The weights in (@) are used for weighting the occurrence of a word in a document.
For example, if a word appears n times in a document d;, it is counted as
occurring n-w’, in a positive example and n-w’ in a negative example. Weights
are used for estimating the two probability terms according to the following
equations:

\TZI:?\ )
Ples) = i )

ITR|

P(tilcj, sm) = frpr—— (4)

Z w; ‘bi’rn|

i=1

In @), ngim is the number of occurrences of the term ¢ in the slot s,, of the
it" instance, and the denominator denotes the total weighted length of the slot
Sm in the class ¢;. Therefore, P(ty|c;, s,) is calculated as a ratio between the
weighted occurrences of the term ¢, in slot s, of class c¢; and the total weighted
length of the slot.

The final outcome of the learning process is a probabilistic model used to
classify a new instance in the class ¢4 or ¢_. The model can be used to build a
personal profile including those words that turn out to be most indicative of the
user’s preferences, according to the value of the conditional probabilities in (@).

In the specific context of book recommendations, instances in the learning
process are the book descriptions. ITR represents each instance as a vector of
three BOWs, one BOW for each slot. The slots used are: title, authors and tex-
tual annotation. Each book description is analyzed by a simple pattern-matcher
that extracts the words, the tokens to fill each slot. Tokens are obtained by
eliminating stopwords and applying stemming. Instances are used to train the
system: occurrences of terms are used to estimates probabilities as described in
Equations (@) and ). An example ITR profile is given in figure 3.
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Fig. 3. An example of ITR user profile

4 Experimental Sessions

In this section we describe results from experiments using a collection of textual
book descriptions rated by real users according to their tastes. The goal of the ex-
periment has been the comparison of the methods implemented by INTHELEX
and ITR in terms of classification accuracy, learning and classification time,
when coping with the task of learning user profiles.

The presented experiments are preliminary and should be seen as a baseline
study. A new, intensive experimental session will be performed on the Each-
Movie data set (http://research.compaq.com/SRC/eachmovie/), that con-
tains 2811983 numeric ratings (entered by 72916 users) for 1628 different movies.

4.1 Design of the Experiments

Eight book categories were selected at the Web site of a virtual bookshop. For
each book category, a set of book descriptions was obtained by analyzing Web
pages using an automated extractor and stored in a local database. Table [II
describes the extracted information. For each category we considered:

— Book descriptions - number of books extracted from the Web site belonging
to the specific category;
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Table 1. Database information

Category Book |Books with| Avg.
descr.|annotation |annotation

length
Computing & Int.|| 5378]4178 (77%)| 42.35
Fiction & lit. 5857|3347 (57%)| 35.71
Travel 3109(1522 (48%)| 28.51
Business 5144(3631 (70%)| 41.77
SF, horror & fan. || 556| 433 (77%)| 22.49
Art & entert. 1658|1072 (64%)| 47.17
Sport & leisure 895 166 (18%)| 29.46
History 140| 82 (58%)| 45.47
Total 22785|14466

Table 2. Number of books rated by each user in a given category

UserID Category Rated books
37 SF, Horror & Fantasy 40
26 SF, Horror & Fantasy 80
30 Computer & Internet 80
35 Business 80
24c¢ Computer & Internet 80
36 Fiction & literature 40
24f Fiction & literature 40
33 Sport & leisure 80
34 Fiction & literature 80
23 Fiction & literature 40

— Books with annotation - number of books with a textual annotation (slot
annotation not empty);
— Avg. annotation length - average length (in words) of the annotations;

Several users have been involved in the experiments: each user were requested
to choose one or more categories of interest and to rate 40 or 80 books (in the
database) in each selected category, providing 1-10 discrete ratings. In this way,
for each user a dataset of 40 or 80 rated books was obtained (see Table [2).

On each dataset a 10-fold cross-validation was run and several metrics were
used in the testing phase. In the evaluation phase, the concept of relevant book is
central. A book in a specific category is considered as relevant by a user if his or
her rating is greater than 5. This corresponds in ITR, to having P(c4|d;) > 0.5,
calculated as in equation (), where d; is a book in a specific category. Symmet-
rically, INTHELEX considers as relevant books covered by the inferred theory.
Classification effectiveness is measured in terms of the classical Information Re-
trieval (IR) notions of precision (Pr), recall (Re) and accuracy (Acc), adapted
to the case of text categorization [I1]. Precision is the proportion of items clas-
sified as relevant that are really relevant, and recall is the proportion of relevant
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Table 3. Performance for ITR and INTHELEX on 10 different users

Precision Recall Accuracy
UID ITR [INTHELEX[ ITR [INTHELEX[ ITR [INTHELEX[
37 || 0,767 0,967 0,883 0,5 0,731 0,695

26 || 0,818 | 0,955 0,735 | 0,645 0,737 | 0,768
30 || 0,608 | 0,583 0,600 | 0,125 0,587 | 0,488
35 || 0,651 | 0,767 0,800 | 0,234 0,725 | 0,662
24c || 0,586 | 0,597 0,867 | 0,383 0,699 | 0,599
36 || 0,783 0,9 0,783 0,3 0,700 | 0,513
24f || 0,785 0,9 0,650 0,35 0,651 | 0,535
33 || 0,683 0,75 0,808 | 0,308 0,730 | 0,659
34 || 0,608 | 0,883 0,490 | 0,255 0,559 | 0,564
23 || 0,500 | 0,975 0,130 0,9 0,153 | 0,875

Mean|| 0,679 | 0,828 0,675 0,4 0,627 | 0,636

(0,699)| (0,811) | (0,735)| (0,344) || (0,68) | (0,609)

Table 4. Learning and Classification times (msec) for ITR and INTHELEX on 10
different users

Learning Time |Classification Time

UID ITR [INTHELEX[ ITR [ INTHELEX [
37 || 3,738 3931,0 0,851 15,0
26 || 5,378 8839,0 0,969 20,0
30 || 8,561 51557,0 1,328 53,0
35 || 9,289 | 30338,0 1,423 55,0
24c || 7,502 29780,0 1,208 44,0
36 || 5,051 12317,0 0,894 19,0
24f || 4,532 18448,0 0,848 19,0
33 || 5,820 14482,0 0,961 25,0
34 || 7,592 73708,0 1,209 42,0
23 || 4,951 1859,0 0,845 20,0
Mean|| 6,2414 | 24525,9 1,0536 31,2

items that are classified as relevant; accuracy is the proportion of items that are
correctly classified as relevant or not.

As regards training and classification times, we tested the algorithms on a
2.4 GHz Pentium IV running Windows 2000.

4.2 Discussion

Table [3] shows the average precision, recall and accuracy of the models learned
in the 10 folds for each user. The last row reports the mean values, averaged
on all users. Since the average performance for ITR is very low for user 23, we
decided to have a deeper insight into the corresponding training file, and noted
that all examples were positive, thus indicating possible noise in the data. This
led us to recompute the metrics neglecting this user, thus obtaining the results
reported in parentheses.
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likes(A) :-
learn(4),
mach(A),
intellig(A),
slot_title(A, F),
slot_authors(A, G),
slot_annotation(A, B),
intellig(B, C),
learn(B, D),
occ_12(D),
mach(B, E),
0CC_12(E).

Fig. 4. Rule learned by INTHELEX

In general, INTHELEX provides some performance improvement over ITR.
In particular, it can be noticed that INTHELEX produces very high precision
even on the category “SF, horror & fantasy”, taking into account the shortness
of the annotations provided for books belonging to this category. This result is
obtained both for user 26, who rated 80 books, and for user 37, who rated only
40 books. Moreover, classification accuracy obtained by INTHELEX is slightly
better than the one reached by ITR. On the other hand, ITR yields a better
recall than INTHELEX for all users except one (user 23).

For pairwise comparison of the two methods, the nonparametric Wilcoxon
signed rank test was used [9], since the number of independent trials (i.e., users)
is relatively low and does not justify the application of a parametric test, such
as the t-test. In this experiment, the test was adopted in order to evaluate the
difference in effectiveness of the profiles induced by the two systems according
to the metrics pointed out in Table Bl Requiring a significance level p < 0.05,
the test revealed that there is a statistically significant difference in performance
both for Precision (in favor of INTHELEX) and for Recall (in favor of ITR), but
not as regards Accuracy.

Going into more detail, as already stated, ITR performed very poorly only
on user 23, whose interests turned out to be very complex to be captured by
the probabilistic approach. Actually, all but one rates given by such a user were
positive (ranging between 6 and 8), that could be the reason for such a behaviour.
With respect to the complete dataset of all users, the accuracy calculated on the
subset of all users except user 23 becomes statistically significant in favor of ITR.

Table [4] reports the results about training and classification time of both
systems. Training times vary substantially across the two methods. ITR takes
an average of 6,2414 msec to train a classifier for a user when averaged over all
10 users. Training INTHELEX takes more time than ITR, but this is not a real
problem because profiles can be learnt by batch processes without noise for users.
In user profiling application, it is important to quickly classify new instances,
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Table 5. Interests of user 39 and user 40 in books belonging to the category ”Com-
puting and Internet”

UserID Interests
39 machine learning, data mining, artificial intelligence
40 web programming, XML, databases, e-commerce

for example to provide users with on-line recommendations. Both methods are
very fast in this regard.

In summary, the probabilistic approach seems to have better recall, thus
showing a trend to classify unseen instances as positive; on the contrary, the
first-order approach tends to adopt a more cautious behavior, and classify new
instances as negative. Such a difference is probably due to the approach adopted:
learning in INTHELEX is data-driven, thus it works bottom-up and keeps in the
induced definitions as much information as possible from the examples. This way,
requirements for new observations in order to be classified as positive are more
demanding, and few of them pass; on the other hand, this ensures that those
that fulfill the condition are actually positive instances.

Another remark worth noting is that theories learned by the symbolic system
are very interesting from a human understandability viewpoint, in order to be
able to explain and justify the recommendations provided by the system. Figure
Hlshows one such rule, to be interpreted as “the user likes a book if its annotation
contains stems intellig, learn (1 or 2 times) and mach (1 or 2 times)”. Anybody
can easily understand that this user is interested in books concerning artificial
intelligence and, specifically, machine learning.

The probabilistic approach could be used in developing recommender sys-
tems exploiting the ranked list approach for presenting items to the users. In
this scheme, users specifies their needs in a form and the system presents a usu-
ally long list of results, ordered by their predicted relevance (the probability of
belonging to the class ). On the other hand, the ILP approach could be adopted
in situations when the system transparency is a critical factor and it is important
to provide an explanation of why a recommendation was made.

From what said above, it seems that the two approaches compared in this
paper have complementary pros and cons, not only as regards the representation
language, but also as concerns the predictive performances. This naturally leads
to think that some cooperation could take place between the two in order to reach
higher effectiveness of the recommendations. For instance, since the probabilistic
theories have a better recall, they could be used for selecting which items are to
be presented to the user. Then, some kind of filtering could be applied on them,
in order to present to the user first those items that are considered positive by
the symbolic theories, that are characterized by a better precision.
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Fig. 5. Profile of user 39.

5 Exploiting Profiles to Personalize Recommendations

In this section, we present an example of how the learned profiles can be exploited
to provide Web users with personalized recommendations, delivered using the
ranked list approach. In particular, we analyze a usage scenario of the ITR
system, in which two users with different interests in books belonging to the
category ”Computing and Internet” submit the same query to the ITR search
engine. Table [0 reports the explicit interests of the two users. Figure [ and [@
depict the profiles of both users inferred by ITR, and shows some keywords in
the slot title, which are indicative of user preferences. When a user submits a
query ¢, the books b; in the result set R, are ranked by the classification value
P(cy|b;), by € Ry, computed according to Equation (1). The exact posterior
probabilities are determined by normalizing P(c4 |b;) and P(c_|b;), so that their
sum is equal to 1. The result set retrieved by ITR in response to the query ¢=
"programming”, submitted by user 39, is presented in Figure [l The first book
displayed is ”Ezpert Systems in Finance and Accounting”, in accordance with
the interests contained in the user profile. In fact, the profile of user 39 contains,
in the slot title, stemmed keywords (”intellig”, "artific”, ”system”) that reveal
the interest of the user in systems exploiting artificial intelligence methods, like
expert systems. Conversely, if another user submits the same query, the books
in the result set are ranked in a different way, due to the fact that this user
has a different profile (user 40 in Figure[d]). In this case, the system recommends
”Java Professional Library” (the first book in the ranked list) (FigureR), because
the stemmed keywords ( 7java”, "databas”, "zml”, "program”, ”jdbc”) in the slot
title of the profile indicate well known technologies for web developers. Again, the
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Fig. 6. Profile of user 40.

advice provided by the systems seems to be indicative of the interests supplied
by the users.

These scenarios highlight the effect of the personalization on the search pro-
cess, that is the dependence of the result set on the profile of the user who
issued the query. Although the query personalization scenarios presented here
suggest a use of the probabilistic profiles for content-based filtering of the search
results, thus adopting a passive recommendation strategy, they can be used also
for active recommendation. For example, the profile of a user could be used to
identify a set of IV items that will be of interest to the user in each category of
the catalogue (top-N recommendation problem) [12]. Then, the N top-scored
items in a category could be recommended when the user is browsing items in
that category. As regards the rule-based profiles, since they do not provide a rec-
ommendation score, but only a binary judgement (likes/dislikes), they are more
suitable for refining the recommendations from among a candidate set, such as
a ranked list. To sum up, although this has been designed as a baseline study, it
is worth drawing attention to the key finding highlighted by the study: ILP and
probabilistic techniques are complementary for the task of learning user profiles
from text and could be combined for active or passive recommendation. In our
opinion, a cascade hybridization method [I] is the best way to integrate the
two approaches. In this technique, the probabilistic profile of a user is exploited
first to produce a coarse ranking of candidates, and then the symbolic profile
refines the recommendations from among the candidate set, also explaining and
justifying the recommendations provided by the system.
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Fig. 8. Books recommended by ITR to user 40, who issued the query ”programming”.

6 Conclusions

Research presented in this paper has focused on methods for learning user profiles
which are predictively accurate and comprehensible. Specifically, an intensive
comparison between an ILP and a probabilistic approach to learning models of
users’ preferences was carried out. Experimental results highlight the usefulness
and drawbacks of each one, that can suggest possible ways of combining the two
approaches in order to offer better support to users accessing e-commerce virtual
shops or other information sources. In particular, we suggest a simple possible
way of obtaining a cascade hybrid method. In this technique, the probabilistic
approach could be employed first to produce a coarse ranking of candidates and
the ILP approach could be used to refine the recommendations from among the
candidate set.
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Currently we are working on the integration in INTHELEX of techniques able

to manage numeric values, in order to treat in a more efficient way numerical
features of instances, and hence to obtain theories with a more fine grain size.
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Abstract. Recommender systems suggest objects to users. One form
recommends documents or other objects to users searching information
on a web site. A recommender system can use data about a user to rec-
ommend information, for example web pages. Current methods for rec-
ommending are aimed at optimising single recommendations. However,
usually a series of interactions is needed to find the desired information.
Here we argue that in interactive recommending a series of normal,
‘greedy’, recommendings is not the strategy that minimises the number
of steps in the search. Greedy sequential recommending conflicts with
the need to explore the entire space of user preferences and may lead to
recommending series that require more steps (mouse clicks) from the user
than necessary. We illustrate this with an example, analyse when this is
so and outline when greedy recommending is not the most efficient.

1 Introduction

Recommender systems typically recommend one or more objects that appear
to be the most interesting for a user. A large number of methods have been
proposed and a number of systems have been presented in the literature, e.g. [II
218/ 415619JT0IT6]. These systems collect information about the user, for example
documents, screens or actions that were selected by the user, and use this to
recommend objects. Some authors view ‘return on investment’ as the criterion
for success of recommendings (e.g. [7]). In this case recommending is a form
of advertising and the economic value of objects is of key importance because
this will determine the ‘return on investment’. A related but different criterion
is ‘user satisfaction with the recommendation and the recommended object’. A
user may be most satisfied with an object that has little ‘return on investment’
for the site owner but that has a high value for the user. In this case the goal
of the recommender can be to maximise either ‘return on investment’ or user
satisfaction. Another dimension of user satisfaction is effort in using the site, for
example the number of clicks. A recommender can have as its goal to minimise
user effort, for example in a situation where the user will eventually find his target
object or information. Of course a recommender can also aim to maximise some

B. Berendt et al. (Eds.): EWMF 2003, LNAI 3209, pp. 148-[T63 2004.
(© Springer-Verlag Berlin Heidelberg 2004
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e Goal
- Benefit site owner
- Benefit user
e Criterion
- Maximise value of object
- Minimise effort of finding it
e Preferences distribution (per user)
- One target and rest flat
- One target and rest (partially) ordered
- Multiple targets

Fig. 1. Dimensions of recommender systems

combination of user effort and value of the result. These different recommending
tasks require different methods. Advertising can be viewed as a kind of game in
which the user and the vendor pursue their own goals and in maximising user
satisfaction, user and site owner share the same goal.

If user satisfaction is the goal then another dimension of the recommending
task is important: is the users goal a single object or are there many objects that
will satisfy the user, as for a user who is just surfing. In the second case, the
main goal of recommending is to suggest useful objects, for example something
unexpected. If the user has a specific goal then recommending is similar to infor-
mation retrieval. The purpose of recommending in this case is to help the user to
find an object that maximally satisfies the users goal and to minimise his effort
in finding it. Information retrieval is normally based on user-defined queries but
in some applications users are not able to formulate adequate queries because
they are not familiar with the domain, the terminology and the distribution
of objects. In this case presenting specific objects can replace or complement a
dialogue based on queries. Figure [ summarises the main dimensions of recom-
mending tasks.

If the criterion is to minimise effort then the choice of an object to recommend
depends on two different goals: (1) to offer candidate objects that may satisfy
the users interest and (2) to obtain information about the users preferences. A
single object may be optimal for both goals but this is not necessarily the case.
In this paper we show that different recommendations may be optimal for these
goals and that recommending the best candidate (‘greedy recommending’) does
not always minimise the number of user actions before the target is found. We
demonstrate this by introducing an alternative method that exploits a particular
type of pattern in user preferences, requiring on average fewer user actions than
greedy recommending.

By analogy with greedy heuristic search methods, we use the term greedy rec-
ommending when the recommender presents objects that it predicts to be closest
to the target. This can be seen as a myopic decision making process in which
the recommender aims at offering the user immediately the object of interest.
If recommending takes information about the user (like the interaction history)
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into account we call it user-adaptive recommending. If recommending takes place
over a series of interaction steps that ends with finding a target object, we call
it sequential recommending in contrast to one-step recommending. Most recom-
mendation methods use a form of collaborative filtering (recommending objects
which were targets of similar users) or content based filtering (recommending
objects which are similar to objects which were positively evaluated before) or a
combination of these techniques. We consider in this paper recommender meth-
ods that use preferences of objects obtained from many user and the session
history of the current user to decide about which objects to recommend.

In this paper we note two problems of greedy recommending. The first prob-
lem is the inadequate exploration problem. The recommender needs data about
users preferences. A recommender system generates recommendations but at the
same time it has to collect data about user preferences. Greedy recommending
may have the effect that some objects are not seen by users and therefore are not
evaluated adequately. The collected data (weblog) does not reveal the preferences
of the users, but instead it shows the response of the user to the recommended
items. This may prevent popular objects from being recommended in future. In
section ] we discuss the inadequate exploration problem.

The second problem is that in sequential recommending settings, greedy rec-
ommending may not be the most efficient method for reaching the target. In
a setting in which the user is looking for a single target object, a criterion for
the quality of recommending is the number of links that needs to be traversed
to reach the target. We can view recommending as a classification task where
the goal is to ‘assign’ the user to one of the available objects in the minimal
number of steps. It is intuitively clear that ‘greedy sequential recommending’,
presenting the most likely target objects, may not be the optimal method. We
introduce a strategy based on binary search and show in an example that un-
der certain circumstances this strategy can outperform greedy recommending. In
other words: greedy recommending is not optimal under certain circumstances in
the sense that it does not minimise the users effort. The circumstances are intro-
duced in section Bl where we specify the specific task and the recommenders are
introduced and compared in section @l We illustrate the difference between the
recommenders in a simulation experiment in section Bl The last section discusses
the results and contains suggestions for further research.

2 The Inadequate Exploration Problem

Recommenders based on ‘social filtering’ need data about users. Unfortunately,
acquiring the data about user preferences interferes with the actual recommend-
ing. There is a conflict between ‘exploitation’ and ‘exploration’ (e.g. [13]). In [L5]
we showed that recommenders might get stuck in a local optimum and never ac-
quire the optimal recommendation strategy. The possible paths through the site
which the user can take are determined by the provided recommendations. The
user is forced to click on one of the recommended objects even when his target
object is not among the recommendations. The system observes which object
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is chosen and infers that this object was indeed a good recommendation. It in-
creases the probability that the same object is recommended again in the next
session and the system never discovers that a different object would have been
an even better recommendation. Objects that are recommended in the beginning
will become popular because they are recommended, but highly appreciated ob-
jects with a low initial estimated appreciation might never be recommended and
the system stays with a suboptimal recommendation strategy.

To make sure that the estimation of the popularity of all content objects be-
comes accurate it is necessary to explore the entire preference space. The system
always has to keep trying all objects even if the user population is homogeneous.
One way to perform this kind of exploration, is to use the e-greedy exploration
method [12]. The greedy object (that is best according to the current knowledge)
is recommended with probability 1-¢ and a random other object with probability
e. By taking e small, the system can make good recommendations (exploitation),
while assuring all objects will eventually be explored. Note that this agrees with
the empirical observations in [14], where it is suggested that recommendations
should be reliable in the sense that they guide the users to popular objects. But
also new and unexpected objects should be recommended to make sure that all
objects are exposed to the user population.

The inadequate exploration problem implies that it is not possible to deduce
improvements of a recommender system for recommendations that have not
been made. If a site has a static recommender that always recommends the
same objects in the same page (e.g. always makes greedy recommendations),
then statistics from the weblog may lead to incorrect improvements or suggest
no improvements when improvements are still possible. The only way to enrich
the data collected in the weblog is by adding an exploratory component to the
recommender that sometimes recommends objects not to help the user but to
measure how much users are interested in this object. Lack of exploration is thus
one cause of suboptimal behaviour by a greedy recommender.

3 The Recommending Task

To enable the analysis we define a specific domain in which we can compare the
recommenders.

3.1 The Setting

Although recommending is a single term for the task of supporting users by
recommending objects from a large repository, there is actually a wide range of
recommendation tasks. We focus on one particular recommendation setting to
compare the effects of three recommendation strategies, and we keep the setting
as simple as possible to emphasise the differences between these recommendation
strategies.
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The setting we use has the following properties:

— The recommender recommends elements from a fixed set of content objects:
{Cla ) Cn}~

— Every user is looking for one particular target content object, but this is
obviously not the same object for each user.

— In each cycle, the system recommends exactly two content objects to the
user.

— After receiving a recommendation the user indicates for one of the objects
“My target ws X.” or “X and Y are both not my target, but object X is closer
to what I am looking for than Y.”.

— If the user has found his target then the interaction stops. else he receives
two new recommendations.

In this setting the main task of the recommender is to select at each step two
content objects to recommend.

Our setting focuses on one aspect of recommending, but usually recommend-
ing is a component in a larger system. For example, an information system may
include a query facility, menus, a site map and other tools. In this analysis we
isolate one aspect of the recommending task, which we believe is fundamental
and that its analysis has implications for more realistic settings and settings that
are more complicated.

3.2 The Pattern of User Preferences

The recommender can exploit patterns in users preferences to infer the preference
of a new user. There are different types of patterns that can be used for this.
A common type of pattern is clusters. Clustering methods can detect clusters
of users with similar preferences. A new user is classified as belonging to one
of these clusters. This reduces the set of candidate objects to those that are
preferred by the other members of the cluster. This increases the probability
that an object is chosen and thereby it reduces the number of steps to reach it.

We look at a different type of pattern: scaling patterns. Suppose that we
ask people to compare pairs of objects and to indicate which of each pair they
prefer. For this an ordering of objects can be constructed. Now suppose that
such orderings are constructed for n persons. It may be possible to order the
objects such that each person can be assigned to a point in the ordering such
that his ordered objects can be split into two orderings that appear on both
sides of ‘his’ point.

Consider the following example in which two persons have ordered holiday
destinations by their preference. Person M prefers destinations with a Mediter-
ranean climate and V prefers destinations with a cooler climate but not too
cold:

M: Spain - France - Morocco - Italy - Greece -
Croatia - Scotland - Norway - Sweden - Nigeria
V: Scotland - Norway - Croatia - Sweden - Italy -
Greece - France - Spain - Morocco - Nigeria
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We can then construct the following one-dimensional scale:

Sweden - Norway - Scotland - France - Spain -
Italy - Greece - Croatia - Morocco - Nigeria

We position M at Spain and V at Scotland. The scale for destinations is then
consistent with the orderings constructed from the pairwise comparisons.

One-dimensional scaling methods rely on the idea of ‘unfolding’: the prefer-
ence order can be unfolded into two orders that are aligned. Coombs [3] gives
a general overview of scaling methods. One-dimensional scaling methods take
a (large) number of ratings or comparisons of objects by different persons as
input and define an ordering such that each person can be assigned a position
on the scale that is consistent with his ratings or comparisons. This means that
we obtain a scale and the positions of persons over the scale. More people can
have the same position and so we obtain a probability distribution of preferences
over the scale.

It is in general not possible to construct a perfect scale for a single variable.
Many domains have an underlying multidimensional structure and then there
is much random variation. There are methods that construct multi-dimensional
scales where a random factor can be quantified as the ‘stress’: the proportion
of paired comparisons that are inconsistent with the constructed scale. In re-
alistic scenarios multidimensional scaling may be more appropriate and this is
important to consider for a real recommender system.

We restrict the discussion to one-dimensional scaling because our goal is to
demonstrate that a recommender that exploits the user pattern can outperform a
greedy recommender. Multi-dimensional scaling (and also clustering) have more
‘degrees of freedom’ in specifying the preference relations between objects. So
choosing a setting that allows for a fair and clear comparison of the performance
of different recommenders is hard to find for these methods. For one-dimensional
scaling objects only have to be placed in a sequence. In the case of recommend-
ing systems we can interpret the user’s reaction to recommended objects as a
comparison in preference. Combining comparisons of many users then results
in a ‘popularity’ distribution over the one-dimensional scale. This can be eas-
ily visualised and specific and exceptional distributions can be enumerated for
analysis.

4 Three Recommenders

We distinguish three approaches to sequential recommending that differ in the
use of an ordering and in greediness vs. exploration:

— Non-user-adaptive recommending
— Greedy user-adaptive recommending
— Exploratory user-adaptive recommending

Since these methods rely on data about the preferences of users, an important
aspect of the recommendation task is to acquire these data. Here the inadequate
exploration problem from section [ has to be addressed.
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Non-user-adaptive recommender systems only need statistical data about the
user population as a whole. Each individual user will be recommended the same
objects in the same situations. Methods which adapt to individual users also need
to keep track of the preferences of the current user of the site. This requires that
the user can be identified and followed through the session. Cookies can be used
for this. The preferences can be received from the user’s answers to questions, but
they can also be derived from the user’s past responses to recommended objects.
The complete past can be used, but we only consider the past in the current
session alone. So each time someone visits the site the recommender starts as a
non-user-adaptive recommender, and at every step in the session some part of
the preferences of this user is revealed.

In the following sections we will discuss the advantages and disadvantages
of each of the different recommender strategies. The analysis uses the setting
from section B3Il At each presentation there is a probability that the target was
presented, resulting in 0 additional presentations. If the user does not accept
the presented objects then these are excluded and recommending is applied to
the remaining objects. In the worst case, the recommender must present all
N objects. Since objects are presented in pairs, this means that the maximum
number of presentation cycles equals half the number of objects.

4.1 Non-user-Adaptive Sequential Recommending

The first recommendation strategy that we will discuss is non-user-adaptive rec-
ommending. This is a greedy method that does not use information about indi-
vidual users. It recommends objects ordered by the (marginal) probability that
the object is the target. This strategy is often implicit in manually constructed
web sites. The designer estimates which objects are most popular and uses this
estimate to order the presentation of objects to the user [11]. A recommender
that uses this strategy only estimates for each objects the probability that it is
target for any arbitrary user.

For this method the upper bound of the number of presentations is simply
half number of objects, N/2. This will happen to users interested in one of the
two least popular objects. The expected number of presentations depends on the
distribution of preferences over objects. If this is uniform the notion of greedy
no longer applies because all objects are equally good in the sense that no ob-
jects is preferred over any other object. An alternative, maybe random, selection
strategy has to be applied. The expected number of presentations will depend on
the ordering resulting from the alternative strategy. Given an arbitrary ordering
the excepted number of presentations is half that of the upper bound. So for an
uniform distribution the expected number of presentations is N/4 and for any
other distributions it is lower.

4.2 Greedy User-Adaptive Sequential Recommending

User-adaptive recommenders collect information about the current user during a
session and use this to generate personalised recommendations. In our setting the
only available data about the preferences of a user is a series of rejected objects
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and preferences that come out of interaction logs. A greedy user-adaptive recom-
mender system always recommends the objects with the highest probability of
being the target object given the observed preferences. If the user has indicated
a preference of ¢ over ¢y and c3 over ¢4 et cetera, a greedy user-adaptive recom-
mender recommends ¢; with maximal P(¢; = target|(c1 > c2) & (c3 > cq) & ...).
If the preference of one object changes the probability that the other object is
the target, then this strategy can reduce the expected path length compared to
non-user-adaptive recommending.

The greedy user-adaptive recommender always recommends the object with
the highest estimated conditional probability of being the target. For this it needs
the data to estimate the conditional probabilities of all objects in order to predict
the best object. Obviously, estimating the conditional probabilities needs far
more data than the marginal probabilities. The one-dimensional scaling pattern
from section [3:2] can be seen as an alternative to the estimation of all possible
conditional dependencies in user preferences. It serves the same purpose in that
user’s choices made in the past change the probabilities of objects being the
target. For the non-user-adaptive recommending these probabilities never change
so that it does not need the scaling. For example, in terms of the holiday travel
example in section B2 a person who prefers Morocco over Spain and Morocco
over France, will probably not have his target at Norway or Nigeria. In spite of
this the non-user-adaptive recommender may still present Norway or Nigeria at
the next step if these are popular holiday destinations. By not presenting these
two the user-adaptive recommender increases the probability that the user’s
target is found faster. It reduces the expected number of presentations compared
to the non-user-adaptive recommender.

The upper bound on the number of presentations for this approach is again
N/2. Again this will happen to users interested in one of the two least popular
objects, but now it is possible that these objects are recommended earlier when
probabilities of other object being the target become lower during the session.
To understand the upper bound of N/2, consider a one-dimensional scale where
the probability of objects being a target along the scale is monotone decreasing
(or increasing). A user interested in the least popular object will get the choice
between the two most popular objects. The least popular of the two recommen-
dations is on the scale closest to the object of interest and will be chosen by
the user. All other objects are also closest to the recommendation chosen by the
user. There are no objects whose probability of being the target is reduced based
on the choice of the user, and in the next step the recommender presents the
next two object on the scale. This continues until finally the least popular object
is presented to the user. This is a specific case in which the greedy user-adaptive
recommender behaves exactly like the non-user-adaptive recommender.

For the uniform distribution the difference with the non-user-adaptive rec-
ommending is that now at each step the set of objects is expected to be split in
half. Also at each step the probability of selecting the target doubles. There is a
probability of % of no extra presentations, a probability of 2 - %(1 — %) of one
extra presentation and so on. This results in a polynomial in % of order % +1
for the expectancy.
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4.3 Exploratory User-Adaptive Sequential Recommending

The decision of the greedy user-adaptive sequential recommender about which
objects to recommend only depends on the (conditional) probabilities of objects
being the target. The user pattern is completely ignored. The decrease in ex-
pected path length due to the user-adaptivity is more an ‘accidental side effect’
of the myopic decision making that aims at finishing the path in one step.

Exploratory sequential recommending aims at minimising the expected path
length in the sense that it tries to increase the probabilities of short paths and
increase that of long paths. The method is based on the idea that sequential
recommending can be viewed as a kind of classification in which users have
to be assigned to the objects that match their interest. Suppose all objects fit
perfectly on a one dimensional scale (‘stress’ is 0) and all users are capable of
telling which of the two presented objects is closest to their target. In that case
a recommender can be based on a binary search. The set of objects is split in
the middle of the scale and two objects, one from each side of the middle, are
presented to the user. The user selects the objects closest to the target and all
objects on the other side of the middle are discarded in future.

Instead of using only the scale it is possible to weight the objects with their
marginal probabilities. Then the set of objects are split with equal probabili-
ties on both sides. This results in exploratory sequential recommending, which
consists of repeating the following steps until the target has been found:

1. Find the ‘center of probability mass’ (CPM), a point CPM such that the
sum of probabilities objects on both sides is equal.

2. Find two objects with equal distances to CPM.

Present these to the user as recommendations.

4. The user now indicates which of the presented objects he prefers and whether
he wants to continue (if neither of the presented objects is the target).

5. If neither of the presented objects is accepted then eliminate all objects on
the side of the CPM where the least-preferred object is located.

@

Note that the procedure does not specify which objects should be presented. It
is still possible to choose the object with the highest probability, but then the
other object should be chosen at the same distance from the CPM. Alternatively
one can also decide to always choose two objects far way from the CPM to make
sure that the user can clearly discriminate between them.

The upper bound on the number of presentations is again N/2. This happens
when the probabilities are exponentially decreasing along the scale. Suppose the
first object has probability %, the second %, the third % and so on. The CPM
will be between the first and second object and these two objects have to be
presented. A user interested in the least popular object will indicate that the
second object is closest to the target. Object one and two are removed and the
CPM shift between the third and forth object. In this situation the exploratory
recommender behaves the same as the other two recommenders.

For a uniform distribution the upper bound or maximum path length can be
computed by counting the number of nodes in a full binary three of depth D.
Without the root node it has 2°+! — 2 nodes and so the maximum path length
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Table 1. Number of presentations for a site with IV objects.

Method ‘ Upper bound ‘ Expected (uniform distribution)
Non-user-adaptive N/2 N/4

Greedy user-adaptive N/2 see text

Exploratory user-adaptive N/2 4 + N2 (log, (N +2) — 3)

L = D —1 =logy(N + 2) — 2. This should be rounded up for values of N for
which the tree is not completely full. We assume that the tree is full in order
to compute the expected path length for this distribution. The number of nodes
for each depth is multiplied by the path length and the total sum over all depths
is divided by the number of object N. After some manipulations this results in
(44 (L —1)* (N +2))/N expected number of presentations.

4.4 Comparison of the Methods

The difference between the three recommenders can be illustrated with a sim-
ple example. Suppose a recommender system recommends pieces from a music
database consisting of operas and pop songs and in the first cycle the system has
recommended the opera ’'La Traviata’ and the song "Yellow Submarine’. If the
user indicates that he prefers 'La Traviata’ over "Yellow Submarine’, it becomes
more probable that the user is looking for an opera than a pop song, even if
more people ask the database for pop songs. A non-user-adaptive recommender
system would not use this information in the next step. Because more people
ask for pop songs it will probably presents two pop songs in the next step. The
user-adaptive recommenders would use the information and recommend two op-
eras. The greedy user-adaptive recommender will present the two most popular
operas, even when they are from the same composer. The exploratory recom-
mender makes sure that it presents two distinguishable operas, like for instance
a classic and a modern opera.

Table [ summarises the number of presentations of the three methods. The
upper bound indicates the maximum number of presentations that may be re-
quired to find the least popular object in a site for which any popularity distri-
bution is possible. This upper bound is the same for all recommenders and it
corresponds to presenting all objects. The difference between the recommenders
lies in the set of probability distributions of the site for which this situation
can occur. The corresponding distribution of the exploratory recommender is
a specific subset of the distribution of the greedy user-adaptive recommender,
that happens to be a subset of the distribution of the non-user-adaptive recom-
mender. So for an arbitrary site, the need to present all objects is the least likely
for the exploratory recommender.

Table [1 also shows the expected path length for a uniform distribution. In
this case the non-user-adaptive cannot use the differences in popularity to se-
lect the recommendations. The alternative random strategy is responsible for
the expected path length that depends linearly on N. This strategy also makes
that the set is not always split exactly in two for the greedy recommender. This
does happen for the exploratory recommender making the expectancy depend
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logarithmically on N, specially when N becomes very large. So for a uniform dis-
tribution, users will find their target faster when the exploratory recommender
is used. One may argue that this is not a fair comparison, but for large sites
the probability of objects being the target become low for all objects. Differ-
ences in probability will not be very significant and the effect of using a greedy
recommender will start to resemble that of the random strategy.

It is possible to use exploratory recommendations as alternative strategy
when the greedy recommender has to choose between object with the same prob-
abilities. For the comparison in table [I] this could not be used. In practice such
hybrid recommender is useful because it shares the benefits of both approaches.
The other way around is also possible by taking an exploratory recommender
that chooses those two objects around the CPM for which the combined prob-
abilities are maximal. This exploratory recommender maximises the probability
of finishing in one step.

5 Simulation Experiment

The purpose of the simulation experiment is to show the differences in the num-
ber of presentations for the different recommending strategies. A more realistic
experiment would require two identical sites that only differ in the recommender
used. In that case we also would not be able to compare results for different
distributions of popularity.

We created an artificial site with only 32 objects for which the popularity is
given according to the probability of the item being the target. We considered
four different popularity distributions:

A Skewed: Here the objects are ranked according to their popularity, which
can be unrelated to the objects.

B Triangle: This corresponds to a site with a specific topic. Most visitors are
assume to come for this topic so that these objects are most popular (center).
Objects that are less that are less related to this topic are less popular.

C Uniform: The popularity of the objects is unknown so assume that every-
thing is equally popular.

D Peaked: Here a few known objects are very popular. This corresponds with
sites that present a ‘most popular’ list.

The distributions are shown in Figure [fl These distributions will not appear in
reality but they show the effect of properties of the distribution on the effect of
the method on the presentation complexity.

We assumed that the user was capable of selecting the object that was closest
to the object of interest, when the object of interest was not shown. From the
recommender’s perspective this is the same as saying that the recommender is
capable to predict the choice the user will make given the object of interest.
The recommender rejects all object that are closest to the object not selected by
the user and they will not be considered in future recommendation in the same
session. So the recommender has a set of potential target object that is reduced
after each click of the user.
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Fig. 2. The four different popularity distributions.

We used two recommenders:

— Greedy: (Greedy user-adaptive sequential recommending)
This method attempts to give the user directly the content it wants, by
recommending the most popular objects not yet recommended. The recom-
mender selects the two objects with the highest probability according to the
assumed distribution. If objects had the same probability the object was
picked randomly from the set of highest probabilities.

— Exploratory: (Exploratory user-adaptive sequential recommender)
This methods attempts to increase the set of objects that the user is not
interested in so that they do not have to be recommended. First the CPM of
the distribution is computed to divide the objects into two sets. The object
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Table 2. The results. Here “User” indicates the distribution of the 5000 users, “Site”
is the distributions used by the recommender. The “Average” and “Expected” show
the number of extra clicks of the 5000 users after the presentation of the first two
recommendings. The “Worst Case” shows the maximum number of clicks that were
needed by at least one user. The bold numbers indicate the lowest result of the two
methods.

Distribution Greedy Exploratory

User  Site Average Expected Worst Case | Average Expected Worst Case
A A 8.50 3.07 16 3.91 1.73 7
A B 5.00 2.58 9 3.97 1.94 7
A C 3.83 1.97 16 3.44 1.77 5
A D 3.69 1.89 16 3.59 1.77 5
B A 8.00 4.00 16 3.69 1.73 7
B B 4.72 1.74 9 3.75 1.65 7
B C 3.66 1.90 16 3.31 1.68 5
B D 3.56 1.84 16 3.44 1.77 5
C A 8.50 8.50 16 3.91 3.91 7
C B 5.00 5.00 9 3.97 3.97 7
C C 3.79 3.79 16 3.44 3.44 5
C D 3.69 3.69 16 3.59 3.59 5
D A 8.50 2.00 16 3.91 0.87 7
D B 5.00 1.20 9 3.97 0.79 7
D C 3.75 0.91 16 3.44 0.88 5
D D 3.68 0.60 16 3.59 0.78 5

in the middle of the set with the fewest objects is recommended, together
with the object at the same distance form the CPM in the other set.

We did not look at the non-user adaptive recommending because it only removes
the previously shown objects and will therefore never outperform the other two
approaches.

We simulated the behavior of 5000 users that were interested in only one
object. The object of interest was picked randomly from one of the distribution
of Figure bl So we did the experiments with two popularity distributions, one
corresponding to the real popularity (user) and the other the ‘assumed’ popu-
larity used by the recommender (site). The results are presented in Table 2] We
looked at:

— Average: The average number of presentations for each content object.

— Expected: The number of presentations multiplied by the probability of
the object according to the user distribution. This indicates the expected
number of presentations when an arbitrary user visits the site.

— Worst Case: The maximum number of clicks at least one user needed to
to find the content object of interest.

The results in table[2lshows that the values for the exploratory recommender
is lower than that for the greedy recommender. This implies that the users are
able to find the object of interest much faster. Note that this also holds when the
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recommender uses a distribution that does not correspond to the true popularity
distribution of the users. This indicates that the results of the exploratory rec-
ommender are more robust for incorrect estimates of user preferences, making
this better suited for an adaptive recommender that (probably) starts with a
uniform distribution. The only exception is when the user and the site have the
same peaked distribution. Here we see that the expected number of presenta-
tions is lower for the greedy recommender. So if a site has a few objects that are
significantly more popular than the rest, then most users will benefit form the
use of a greedy recommending policy.

6 Discussion

A recommender system that aims at helping users of a site needs a strategy
for presenting suggestions to these users. A greedy policy recommender is one
that only recommends those objects that are considered best according to some
criterion, like the popularity of the objects. If the ranking of the objects is
available then these can be used to implement the recommender.

A recommender that is adaptive first has to accumulate data from which the
recommending strategy can be derived. In section 2 we presented results from
earlier work that indicates how recommenders should behave when creating the
data set. If recommendations are always greedy then a new recommender derived
from the data may not be an improvement. Recommended objects will be chosen
more often by the users because they are recommended, and will therefore be
recommended by the new recommender as well. To overcome this when creating
a data set, a strategy should be used that explores alternatives to the current
greedy policy. One way to achieve this is by sometimes randomly replacing the
greedy recommendations by objects that are currently not considered the best.

Once a correctly created data set is available the question is how it should be
used to obtain a better recommender. In our case the aim of the recommender is
to assist users in finding certain content objects, so a natural way to express the
performance is the number of click the user needs to find the object of interest.
Improving the recommender means reducing the number of clicks. We analysed
two sequential recommending policies, where the user’s previously made selec-
tions are used to reduce the steps to the target object. The greedy recommender
recommends the popular objects that have a high probability of being the target
for any user. The exploratory recommender aims at discarding as many objects
as possible that are not likely to be target objects according to the choices the
user made earlier on in the session.

Our analysis of the two sequential recommenders shows the following:

— Greedy recommending is not always the method that finds the target in the
minimal number of interactions (or mouse clicks). Exploratory recommend-
ing can be shown to be better under most conditions. The main reason for
this is that the greedy recommender aims at finishing the session in one step,
ignoring the possible future. Only when a few objects are known to be sig-
nificantly more popular than the rest, the greedy recommender will perform
better. In this case, users interested in less popular objects will not benefit
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from this and have a harder time finding the their object of interest. Maybe
a hybrid solution is needed where the greedy policy is used to help most
users immediately and an exploratory policy to help those interested in less
popular objects.

— The exploratory recommender perform very well, even when the popularity
distribution used by the recommender is different from the real popularity
distribution. This is very important for adaptive web sites. After the ini-
tialization of the recommender it may take a while before enough data is
available to get a reliable estimate of the true popularity distribution. This
may also be relevant for static web sites because the interests of a user pop-
ulation can drift.

— We made the assumption that the user is capable of selecting that object that
is closest to the target. We can turn this around. If we know what users select
given their target objects, we can organise the content of the site accordingly.
So instead of having a scaling or clustering that is given, it should be derived
from the data by correlating the users behaviors with the objects eventually
found. In this way the responsibility of good recommendations is not placed
in the hands of the users. Instead the recommender has to make sure that
it can estimate the likelihood of object being the target given the selections
of the users. Also it should be realised that users exist that do not behave
as predicted, so that an additional mechanism is required to make sure that
previously discarded objects still can be found.

There are a number of issues that need further work. One is the assumption
we made that the content is scalable. In practice there may be cases in which this
is not completely possible and then single selections of the users are not enough
to discard a set of objects. One solution for this is to make user that the objects
outside the scale are never recommended. This would not help the users that
are interested in these objects. An other solution is to combine multiple actions
until it is clear which objects are not the target of the user. An other issue is the
combination with content-based methods. These can be used to model the space
in which sequential recommending works and it can be used alone or together
with the scaling approach by the exploratory recommender.

Other issues are different forms of recommending. Here we restricted the
discussion to a specific recommender setting. We believe that the principle used
above is also relevant for other recommending settings, although details may be
different. For example, if more than two objects are presented, application of the
binary search principle is more complicated and if ratings are used, a different
method is needed but the approach remains the same and it is not difficult to
adapt the method. If scaling results in a solution with much stress (data that do
not fit the scale) a multidimensional method can be tried but if there remains
too much randomness, scaling will not work and alteratives such as clustering
need to be considered.
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Abstract. Web-based commerce systems fail to achieve many of the features that
enable small businesses to develop a friendly human relationship with customers.
Although many enterprises have worried about user identification to solve the
problem, the solution goes far beyond trying to find out what navigator’s behavior
looks like. Many approaches have recently been proposed to enrich the data in
web logs with semantics related to the business so that web mining algorithms
can later be applied to discover patterns and trends. In this paper we present
an innovative method of log enrichment as several goals and viewpoints of the
organization owning the site are taken into account. By later applying discriminant
analysis to the information enriched this way, it is possible to identify the relevant
factors that contribute most to the success of a session for each viewpoint under
consideration. The method also helps to estimate ongoing session value in terms
of how the company’s objectives and expectations are being achieved.

1 Introduction

The Internet has become a new communication channel, cheaper and with greater lo-
cation independency. This, together with the possibility of reaching a potential market
of millions of clients and reducing the cost of doing business, accounts for the amazing
number of organizations that during the last decade have started operations on the Inter-
net, designing and implementing web sites to interact with their customers. Though the
Internet seems to be very attractive for both users and owners of web sites, web-based
activities interrupt direct contact with clients and, therefore, fail to achieve many of
the features that enable small businesses to develop a warm human relationship with
customers. The loss of this one-to-one relationship tends to make businesses less com-
petitive because it is difficult to manage customers when no information about them is
available. Although many enterprises have been very worried about getting hold of the
identity of the navigator, what is important is not the identity of the user but information
about his likes and dislikes, his preferences, or the way he behaves. All this, integrated
with information related to the business, will result in successful e-CRM.

The relationship with the users is paramount when trying to develop activities competi-
tively in any web environment. Thus, adapting the web site according to user preferences
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is the unavoidable commitment that web-site sponsors must face and, when doing so,
preferences and goals of the organization cannot be neglected.

Obtaining and examining the implicit but available knowledge about customers and site
owners is the route to be followed to obtain advantages over other competitive Web
sites and other communication channels. To analyze the available user navigation data
so that knowledge can be obtained, web mining techniques have to be used. This is a
challenging activity because the data have not been collected for knowledge discovery
processes.

On the other hand, goal achievement has to be measured by the return on investment
(ROI)[21]]. Measuring the effectiveness of the site from this perspective is also challeng-
ing as it should comprise the different company’s viewpoints [9]. Each viewpoint will
correspond to a particular department or division of the company that will have, at each
moment, defined the set of goals to achieve. Each goal will have a particular weight
according to the global objetive of the company at a particular moment.

Some approaches (see section [2) have been proposed to measure the effectiveness of
web sites but they only consider one viewpoint at a time. The challenge is to have a
measure of the success of the site from each viewpoint considered, while also having a
combined measure of the global success of the site at a particular moment.

The activity is challenging because the discrepancies among the different criteria used
to evaluate business on the Internet often interfere with decision making and with the
establishment of proactive actions. A project that has been successfully evaluated by
one department is often classified as a failure by another. The first difficulty arises when
trying to translate discovered knowledge into concrete actions [22] and trying later to
estimate the effect of each action as ROI [12]. More difficulties arise on the Web since
actions have to be taken repeatedly on-line as competitors are only a click away.

In this paper, we present an approach for measuring on-line navigation so that proactive
actions can be undertaken. The approach is based on the evaluation of user behavior
from different viewpoints and further action derivation. A method based on discrimi-
nant analysis is proposed so that in addition to obtaining an estimation of the value of
the session, those factors that contribute most to the success of a session are identified.
Since the exploitation approach is made in a dynamic environment and requires several
coordinated and dependent actions, we propose to deploy the whole approach by means
of a three-tier agent-based architecture in which agents for preprocessing, classification
and proactive actions are identified. Agent technology allows applications to adapt suc-
cessfully to complex, dynamic and heterogeneous environments, making the gradual
addition of functionalities also possible [30].

The remainder of the paper is organized as follows. Section[2 presents the related
work. Section[3lintroduces the factors that have to be taken into account to estimate the
value of a session when dealing with multiple viewpoints. The proposed methodology
and a complete description of all the steps of the process presented in section 4l One
of the key questions of the approach is the predictive method to estimate the value of
the session. In this case, the method is based on discriminant analysis and is further
explained in section[l The architecture we proposed to deploy in our approach is shown
in section [@. Section [l presents experimental results and section [§ presents the main
conclusions and further developments.
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2 Related Work

Most enterprises are investing great amounts of money in order to establish mechanisms
to discover Internet’s user behavior. Many tools, algorithms and systems have been
developed to provide Web site administrators with information and knowledge useful
to understand user behavior and improve Web site results. Our work is related to three
main topics: Web usage mining, Web agents and measures to evaluate site success.

2.1 Web Usage Mining

A way to evaluate the quality of a particular site is to determine how well a Web site’s
structure adjusts to the intuition of Web site users, represented in their navigation be-
haviour [3].

First, approaches to do this concentrated on analyzing clickstream data in order
to obtain user’s navigation patterns using data mining techniques [4] [16] [24] [26]]
[29]. However, Web mining results can be improved when they are enhanced with Web
semantic information [2]]. In this sense, several approaches, most of them based on
ontologies, have been proposed in order to take site semantics into account. Berendt
et al. [3] propose enriching Web log data with semantic information that could be
obtained from textual content included in the site or using conceptual hierarchies
based on services. On the other hand, Chi et al. [3] introduce an approach that, taking
into account information associated to goals inferred from particular patterns and
information associated to linked pages, makes it possible to understand the relationship
between user needs and user actions. Oberle et al. [[18] represent user actions based
on an ontology’s taxonomy. URL’s are mapped to applications events depending on
whether they represent actions (i.e. buy) or content.

However, most of these approaches and methods have concentrated on understanding
user behaviour without taking Web business goals into account, whether these goals are
diverse and dependent for different organizational departments. In [15] we propose an
algorithm that takes into account both the information of the server logs and the business
goals, improving traditional Web analysis. In this algorithm, however, the value of the
links is statically assigned.

In this paper, we consider multiple business viewpoints and factors in order to understand
Web user behaviour and act accordingly in a proactive way.

2.2 Web Agents

In this paper we introduce an architecture based on software agents. Taking into
account that software agents exhibit a degree of autonomous behavior and attempt to
act intelligently on behalf of the user for whom they are working [[14][19], Web agents
included in the architecture deal with all tasks of the proposed method.

In Web domain, software agents have been used for several purposes: filtering, retrieval,
recommending, categorizing and collaborating.



An Approach to Estimate the Value of User Sessions 167

A market architecture that supports multi-agent contracting implemented, with
the use of the system MAGNET (Multi AGent NEgotiation Testbed), is presented
in [6]. According to the authors, the system provides support for different kinds
of transactions, from simple buying and selling of goods and services to complex
multi-agent negotiation of contracts with temporal and precedence constraints. MARI
(Multi-Attribute Resource Intermediary) [28] consists of an intermediary architecture
that allows both buyer and seller to exercise control over a commercial transaction.
MARI makes it possible to specify different preferences for the transaction partner.
Furthermore, MARI proposes an integrative negotiation protocol between buying
agents and selling agents.

Based on knowledge represented by multiple ontologies, in [20], agents and services
are defined in order to support navigation in a conference-schedule domain. ARCH
(Adaptive Retrieval based on Concept Hierarchies) [23] helps the user in expressing an
effective search query, using domain concept hierarchies.

Most of these systems have been designed as user-side agents to assist users in
carrying out different kinds of tasks. The agent-based architecture proposed in this
paper has been designed taking the business point of view into account. Agents, in
our approach, could be considered as business-side agents.

2.3 Measuring the Effectiveness of the Site

In spite of the huge volume of data stored on the Web, the relationship between user
navigation data and site effectiveness, in terms of site goals when trying to design “good
pages” or users, is still difficult to understand. Several approaches, models and measures
have been proposed in order to evaluate and improve Web sites. Decision-making
criteria related to the design and content of Web sites are needed so that user behavior
is mapped onto the objectives and expectations of Web site owners.

Spiliopoulou et al. introduce in [25] a methodology useful for improving the success
of a site and several success measures are proposed. The success of a site is evaluated
based on the business goals. According to the authors it is necessary to identify one goal of
the site at a time, in order to determine how different pages (action and target) on the site
contribute to reach this goal. Besides, service-based concept hierarchies are introduced
in order to transform Web site pages into action and target pages. User sessions are
considered active sessions if they contain activities towards reaching the goal.

A set of metrics useful to evaluate the effectiveness of a Web market is proposed in
Lee et al.[[13]. The metrics definition, called micro-conversion rates, takes into account
several shopping steps in online stores. Metrics have been integrated into an interactive
visualization system and they provide information about store effectiveness.

Based on micro-conversion rates [13]] and life-cycle metrics, Teltzrow and Berendt [27]]
propose and formalize several Web usage metrics to evaluate multi-channel businesses.
Metrics are implemented into an interactive system that offers the user a visualization
approach to analyze Web merchandizing.
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3 Web Site Success Factors

Most of the approaches to evaluate the success of a Web site are stated in terms of
efficiency and quality. In these approaches efficiency is generally measured by means
of the number of pages accessed and served, duration of a session, and the action
performed by the users (e.g. buy, download, query). Quality is measured by the response
time, accessability of pages, and number of visitors of the site. The success of a company
is measured by means of indicators such as profitability, costs, cost-effectiveness, ROI,
gross sales, volume of business and turnover.

Thus, executive directors are often both amazed and disappointed by the differences
between the criteria used to determine if the investment on a Web site is successful
and the criteria used to evaluate the success of a project outside the Web. Department
managers recognized that little consideration is given to the financial and commercial
aspects of e-business projects [[7] [8]].

Due to the fact that the traditional criteria based on the ROI cannot be avoided when
evaluating investments in Internet projects [21]], some approaches that consider success
both from the technological perspective (content, design of the Web pages) and the
commercial perspective ( achievement of company’s goals) [9] have arisen.

Nevertheless, considering the commercial aspects of the site is not the only require-
ment for measuring the success of the site. The global success of a company is the result
of the contribution of each department to the fulfilment of the company goals. It is not
reasonable to think that a company has only one success criterion (independently of the
fact that the Web is being used as channel). On the contrary, and particularly in the Web
sphere, by its presence on the Web always tries to achieve more than one goal, depending
on particular environment conditions. Thus, both the goals and their weight for different
viewpoints have to be taken into account when measuring the success of the site.

3.1 Different Viewpoints, Different Goals

As it has been already mentioned (see section[2)), previous approaches assume that the
analysis concerns one objective at a time characterizing this objective as the goal of the
site. However, the Web site is not the aim but the means to achieve a company’s goals.
The significance of goal achievement differs for each company and each department
of a company. In retailing domains, it is often the case that the only viewpoint under
consideration is merchandizing, so that success is measured as the number of purchases.
But for the marketing department the number of times a product is accessed is the goal
rather than the number of final purchases. Thus, success or failure is not a one viewpoint
function but it depends on different viewpoints each of which defines its own success
criteria and goals. The goals of a company then depend on the viewpoint of the different
departments, sections or divisions of the same company, defining in each case its own
weights for the set of goals. It is often the case that different departments will assign
weights to different goals in a contradictory way. In any case, the importance of each
goal will depend on the environment conditions.

All that has been stated above, can be equally applied to businesses that use the Web
only as a communication channel. In this sense, for example, the greatest significance
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for the marketing department will be assigned to the attractiveness and ease of use of the
Web site by the user, while the department in charge of the design of the pages will give
more importance to the site’s design. In contrast, the sales department’s most significant
goal will be increasing the number of purchases.

Under any circumstances, the global success criteria will depend on the particular con-
ditions. Hence, the goal established as: fulfill the user’s needs at the same time as the
company’s goals are fulfilled can be measured as a function that depends, at least, on
the following factors:

Goals to be achieved

Viewpoints that are considered

Environment conditions

User information on navigation and satisfaction
Pages content

We formally express these factors in the following definitions.

Definition 1 The set Goals = {g1,92, ... , gs} represents the goals of a company at a
particular moment.

Definition 2 The set Viewpoints = {vy,va,... ,v,} represents different points of
view (e.g., marketing, sales).

Definition 3 We define w;; as the function that assigns weights to each goal, where i
represents the it" viewpoint and j the j*" goal. We assume that weights are going to be
assigned to different goals depending on the viewpoint and depending on the environment
conditions. As we are dealing with a weight function, it has the following properties:

- 0 <=w;; = w(gs,vj) <=l where g; € Goals and vj € Viewpoints

i€Goals Wi = 1

The set of goals G is made of the goals that the company (every department or just
one particular department or division), aims to achieve. The importance of the different
goals for the different viewpoints is reflected in the weight the goal has been assigned
for each viewpoint. Thus in a way it is possible to say that the weight assigned to a
goal is conditioned by the viewpoint under consideration. For each viewpoint the sum
of the weights assigned to all the goals is always 1 (it may happen that a particular goal
has zero as the weight assigned by a viewpoint meaning that this is not a goal of this
viewpoint at this moment), D, - oa1s Wis /v5 = 1.
The example in table [lillustrates this particular fact.

In the example of Table 1, goal g» is only taken into account by viewpoint number
3. Thus, for the rest of the viewpoints its weight will always be zero.
These assignments will be made at each particular moment by the experts of each depart-
ment corresponding to different viewpoints. Notice that these assignments may change,
for example, because of inside decisions (the company promoting a particular product
or section), by actions taken by the competition (a competitor launching a new product),
or simply by an environmental event (political events, . .. ). In order to be proactive the
assignments need to always be kept update. Notice that these assignments could also be
made on the basis of different user profiles.
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Table 1. Example of relationship between goals and viewpoints

Goal v1 = Marketing|va = Commercial|lvs=Web Design

g1 = Long sessions 0.3 0.1 0.3

g2=Awards in site design 0 0 0.6
g3= Increasing purchases 0.1 0.4 0

ga= Purchase

different products 0.2 0.2 0
gs=Access different products 0.3 0 0.1
ge= Session Profit > 0 0.1 0.3 0

3.2 Mapping Pages into Business Goals

Business experts are responsible for the establishment of viewpoints, goals and weights.
Once these have been established, the challenge is to add this information to the
information about users and their navigation patterns. The only information about user
behavior that is available is stored in the Web log (clikstream). The gap to be filled is
then the mapping of the business information to the clickstream. In order to capture the
business information and to integrate it with the user navigation, we propose pages to
be enriched with semantic information related both to the content (as already proposed
in [2]]) and to the business goals and viewpoints.

In our case, for each site and for each particular viewpoint we define the set of semantics
(actions and/or contents) that are relevant to be studied by the site. Notice that this set
of semantics can be modified through the site’s life time depending on the factors that
are relevant to be analyzed at each moment. The relevant information is modelled with
the use of ontologies, taxonomies and databases. The way in which this is implemented
depends on the technology underlying the site. For example, a site could enrich
XML pages themselves with this information. In the case of pages being dynamically
generated the enrichment could be done when accessing the database to build the page.
The construction of the ontologies and databases containing semantics is outside the
scope of this paper as we are concerned with the way we use this information to obtain
a predictive model that can compute the value of a session. Thus the important point is
that information about the business is obtained and later mapped against the pages.
Possible information to enrich sessions is the length of the session, whether the user has
accessed pages in which awards were given, whether he has clicked on a link in the right
or left handside part of the page, and whether he has downloaded certain information.

4 Estimating the Result of a Session

We propose to estimate the result of a session while the user is navigating. Our proposal
is to map information about navigation onto business information to have a measure of
how the goals are being achieved and consequently act. To estimate the result of ongoing
sessions we propose a method based on discriminant analysis. The method is twofold: on
the one hand, relevant factors to establish the success of a session are obtained and on the
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other, a measure of the success or failure of the session is obtained. This approach will
help classify users on-line taking into account different viewpoints and, consequently,
act according to their behavior and the weights each goal has been assigned. The process
we propose to undertake includes the following steps:

— Classify historical user sessions as success or failure for the different viewpoints.

— Enrich the information of these sessions with information about the business.

— Apply discriminant analysis to obtain both relevant factors for the success of a
session and a method to estimate the result of ongoing sessions.

— Apply the on-line method obtained to estimate the result of the session.

— Act consequently to the estimated result.

4.1 Classify Historical Sessions

The first requirement for obtaining a predictive model is to have historical examples
already classified. In our case, the innovative aspect is that sessions have to be classified
according to the different viewpoints under consideration.

In classifying sessions we propose two approaches that have been used in the case-study:

— Expert-driven classification: In this approach the expert establishes some criteria for
the success of a session, e.g. having asked for information about a certain product.
Later, all historical sessions are classified according to the established criteria. In
our approach, criteria for the different departments have to be established.

— Improved-expert driven classification. In the second approach the expert is given a
set of sessions and instead of giving the criteria to classify them, he classifies them.
Then using a classification method (decision tree in our case) the rest of the historical
sessions are classified. The main problem of this approach is that the expert is rarely
available to manually classify past sessions and if available he will luckily classify
a very small set of sessions. Thus, the reliability of the classification method will be
under question.

For the future, we propose to use an agent that records, once the session is over,
its value (real one) from all the viewpoints considered. These sessions are the input for
future improvement of the estimation procedure. This task is performed in the refining
stage, as shown in section [@

4.2 Enrich the Information on the Sessions

The set of sessions already classified enriched with information about the business. Con-
sequently, we obtain a table called enriched session table, in which each tuple contains
the session identifier and the business information that is taken into account,i.e., infor-
mation related to action, contents, design of the pages, etc. For each piece of information
taken into account, the session can only take values 0 or 1 to specify whether that action
occurred during the session. As the approach is multi-goal, in this table we keep, for
each department (viewpoint), if the session fulfilled each goal. Nevertheless, we need
a global value of the session for each department. In order to obtain this global value,
weights of the goals are used. And the resulting values are stored in a new table, named
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Results table. Consequently, Results table contains information related to the success
or failure of each session from each point of view considered.

The innovative aspect of the approach is that several viewpoints and goals are considered
at a time. This way, for each session and for each goal we will have a measure of how
successful the session occurred to be. Once this information is available, we propose to
apply discriminant analysis to obtain the factors that contribute most to the results for
each viewpoint and for each goal.

5 Discriminant Analysis Application

We applied a stepwise multivariate predictive model to the set of sessions already
classified and enriched. The basic strategy in discriminant analysis is to define a linear
combination of the dependent attributes. In our case, the dependent attributes are
semantic actions or concepts si, So, ... ,S¢ that have been used when enriching the
sessions. Notice that the aim of our approach is to determine which user actions (s;)
contribute to achieve the department goals. Thus the equation will have the form:

L =v181 +v283 + ...+ v:8;.

Once this equation is obtained, the success or failure of a session will be established
on the basis of the value of L obtained for that session:

— if L >= 0 session success is predicted
— if L < 0 session failure is predicted

For simplicity reasons we use here a dichotomic classification. Nevertheless, the

extension to deal with more classes is straightforward and can be found in the references.
Discriminant analysis is useful in finding the most relevant semantic concepts. In each
step of the stepwise discriminant technique the importance of each attribute included
can be studied. This is important not only because we will have the equation to estimate
the value of a session in the future but also because the method provides the analyst
with criteria to understand which actions are most relevant for the success of a session
from each viewpoint. The computation of the discriminant function has been done
according to [11], [L]], [L7]. The model estimates the coefficients (values) of each
attribute considered (semantic) for each pair of goals and viewpoint considered.
>From this result, it is possible to establish the relationship between semantics and the
result of the session. Those coefficients with higher positive value, are associated with
sessions successfully ending while those taking negative values are associated with
failure sessions.
Hence the proposed approach, provides both the predictive model and the procedure
used to establish actions to make a session successful from a certain site viewpoint.
Notice that the number of relevant concepts (/N1) will be much less than the number
of pages N (N1 << N) in a Web site, so that the problem of analyzing user session
decreases in complexity, improving the performance of the methods used to analyze
them.
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5.1 Applying the Algorithm Online

Once the functions to estimate session value have been obtained, they can be applied
on-line to decide the action to be undertaken depending on the estimated result of the
session. This activity is again challenging as the result depends on the moment that
we apply the model. Due to the fact that it is difficult to predict when a session is to
be terminated, let alone finding out how many pages the user will visit, the timing for
applying estimation procedures can bias the results.

In our case, we propose to use the algorithm proposed in [[10]. According to this algorithm,
“breaking” pages in which the user will make a decision can be recognized in the
navigation pattern of a user. In the architecture proposed here there will also be agents in
charge of this task and according to the breaking pages, the agents will decide the moment
of application of the estimation procedure for each on-going session. As a result of the
application of the estimation procedure, we will obtain a value of goal achievement for
the session and for each viewpoint considered. Furthermore, making use of the weight
assignment policies at each moment, another agent will decide on the global value of
the session and the action to be taken, if any (i.e., action agents). The action to be taken
has to be decided by the business experts and we assume that the information on these
actions is stored somewhere in the system and accessed by action agents. Notice that
these actions could depend on the user profile if this information were available in the
system.

6 Architecture Overview

Web Mining tasks have often been implemented by agents. The agent paradigm offers
desirable features such as autonomy, that is, the ability of acting itself and on behalf of
others and proactivity, that is, the ability of acting in anticipation of future problems,
needs or changes. These characteristics are very suitable in the scenario described in the
previous sections because of its dynamic idiosyncrasy. Furthermore, the agent paradigm
makes dynamic changes of functionalities feasible. Since Web Mining tasks evolves
quickly, we consider that this paradigm is the most suitable one.

Thus, a multiagent architecture is proposed, which is composed of three different layers:

1. Semantic Layer. This layer contains agents related to the logic of the algorithm or
method used in the ongoing session result estimation.

2. Optimization/Decision Layer. Corresponds with the agents responsible for optimiz-
ing or making decisions depending on the estimated value.

3. Service Provider Layer. This layer contains agents that provide several services other
of the agents. These services are generic and independent of the other layers. It also
offers an interface, which will be used by any agent asking for a service.

6.1 Semantic Layer

This level is fed directly by the session value estimation methods. The agents of this
layer deal with the concepts value estimation and its usage in subsequent sessions. This
layer is a multiagent subsystem composed of different specialized agents. They are:
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Preprocessing agents: These agents are responsible for enriching the sessions.
Classification agents. Classification of a session is made according to an expert, but
the criteria used can be automated through the usage of previous classifications and
expert knowledge.

Estimation agents. These agents apply the stepwise multivariate predictive model.
In a first phase, this operation is made offline. Nevertheless, the algorithm must be
applied online in current Web usage data to estimate the result of a session. Another
task that has to be performed by these agents is obtaining the breaking points to
decide when the estimation procedure needs to be applied.

Refining agents. Classification is a continuous task. It is necessary to refine the
algorithm with new information (new sessions, new business criteria). This kind of
agents must communicate with the estimation agents in order to inform them about
changes.

As we can see, using agents in the semantic layer provides adaptivity to the algorithm.

6.2

Optimization/Decision-Making Layer

This layer includes agents that make decisions depending on the information supplied
by the semantic layer. We define a generic action agent as an agent template for building
agents which allow actions to be taken according to session values. Although it is possible
to build other kinds of agents using this template and the needs of the Web site, we have
defined the following agents with the aim of optimizing the accesses and personalization
usage of the Web site:

6.3

Prefetching agents. These agents prefetch most probably next visited Web pages,
depending on the session value. Sessions with a higher estimated value are given
higher priority. This way, the Web session load is more efficient and the user feels
more comfortable in the Web site.

Adaptive agents. These agents are responsible for building offers adapted to the
preferences of the users. These offers may be shown as popups or Web pages. Any
other kind of personalization can be added to the logic of these agents.

Service Provider Layer

This level includes generic services used for assisting other layer agents. These agents

are:

Data retrieval agents. The goal of these agents is to retrieve data from different
information sources. These sources are heterogeneous (e.g., databases, files) and
they have different types of information and access requirements. Therefore, these
agents can delegate on specialized agents for different sources.

Locator agents. They are in charge of connecting agents. In order to locate a given
agent, the locator agents use its category, that is, the type of agent. If there is no
available agent of this type, the system launches a new agent for serving this request.
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It is possible to add more services to the architecture. The procedure to do so is to
implement the corresponding kind of agent and define the corresponding interface with
the rest of the architecture.

Figure [Tl represents the three layers of the proposed architecture and the relationship
between layers. Notice, that there are both internal and external relationships among
different kinds of agents. The different information sources are also shown in the graphic.

Optimization/Decision Layer Semantic Layer

Action

Agents <+—>

Template

: - - :
Services
R??ta | Locator Provider
etrieval Agents Layer

Agents

Servers Logs/
Web Data/ :
Other information sources:

Fig. 1. Web-behavior agent-based architecture layers

7 Case Study — Experimental Results

A company developing its activity both through the Internet and in the traditional way,
was taken as the example for the case study. The company under consideration was having
difficulties to define success criteria. The departments involved in the study were:

— Marketing

— Commercial
— Web Design

— Technological
— Manufacturing
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The e-commerce site contained 2500 pages. We present here the results after analyzing
sessions on the server for a month. After filtering out irrelevant entries, the data were
segmented into 38058 sessions. The discriminant model has been obtained through a
two-step process of test and training (80%)

Table 1 shows the weights of the goals for each viewpoint under consideration. For
clarity reason, we only present in this section the results for the commercial department.
The main goal of the analysis was applying the proposed method so that the following
actions could be undertaken:

— Establishment of concepts or actions behind the visited pages (semantics) that are
more relevant for the success of a session (i.e., those that contribute most to the
achievement of goals).

— To provide on-line information to automatically make decisions on what motivates
the user (e.g., automatic prefetching, online offers and discounts).

The results of the study found discrepancies between departments and highlighted
that the cause of problem was the fact that they were trying to measure the efficiency of
the site from a single viewpoint. Viewpoints were identified and success criteria were
defined to be integrated in the procedure that estimates the result of a navigation session.
The method used to evaluate the sessions combines qualitative and quantitative elements.
Qualitative methods included meetings with the managers of the five divisions involved.
The aim of interviews was to find the main goals of each department and the importance
that each department assigns to each goal.

Some the goals identified include increasing the number of purchases (both in number of
purchases and in variety of products in the baskets), awards for the design of site pages,
use of contact points at the site by the users.

The quantitative elements were used to measure the achievement of the proposed goals.
The first step was to eliminate from the set of goals those that were not directly reflected
in the sessions. For example, the goal: “obtaining awards for the design of Web pages”
was eliminated.

In a second step, semantic elements were identified to enrich sessions. As most of the
pages in the site were dynamically generated, the semantic enrichment in this case was
done as the page was generated.

A total of 94 elements were identified to enrich the pages. During the preprocessing and
data transformation phases, only 9 out of these 94 elements, were considered relevant.
These 9 elements are shown in table 2l

The value of each concept has been established. Results are shown in table [3} The
model predicts 93.3 percent of the successful sessions and 82,2 percent of the failure
sessions.

The biggest advantage of the proposed method is that helps to determine the importance
of each concept for a viewpoint with a high predictive power. A concept is consider to
have high predictive value when the model properly classifies more than 70 percent of
the sessions.

For the commercial department, the predictive accuracy of the model can be seen in
table[3l In this table, we can see that 93.3% of the successful sessions and the 82.2% of
the failure sessions were correctly predicted.
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Table 2. Examples of semantic elements used to enrich pages

semantic-id semantic-description
sl advertising
s2 news
s3 food purchase
s4 cleaning products
s5 cosmetics
s6 download travel information
s7 travel booking
s8 download music information
s9 asking information about promotions

Table 3. Summary discriminant table

Predicted

Observed| Success |Failure
Success 93.3 6.7
Failure 17.8 82.2

The discriminant function obtained was:

L =0,431s1+,0,99s0 + 0, 12653 + 0, 75154 — 0, 444s5 — 0,107s + 0, 11957 +
0, 74255 + 0, 30659

The proposed analysis helped to establish the relevant factors to take into account

when analyzing sessions.
The results of the discriminant function have been depicted in an histogram, where X-
axis represents the value of the discriminant function (L) and the Y-axis represents the
function of the empiric density. Thus, the area of each rectangle represents the relative
frequency of values of the discriminant function for each interval. (Figure[2(a)|represents
the results for successful sessions and figure 2(b)] represents the histogram for failure
sessions). The in-depth analysis of the wrong classified sessions helped the site sponsor
recognize market niches. Notice that it is more difficult to describe the wrongly classified
examples as they resides at the edges.

In 83% of the cases, the number of relevant concepts able to classify a session was
20% or less out of the 94 initial concepts. Finally, when goals were weighted according to
each point of view taken into account, an aggregate perception of all goals was obtained
for each point of view (i.e., the same session was successful for the Department of
Marketing but not for the Sales Department).
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Canonical Discriminant Function 1 Canonical Discriminant Function 1
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(a) RESULT = success. (b) RESULT = failure.

Fig. 2. Canonical Discriminant Function 1

8 Conclusions

The global success of a company is the result of the contribution of each department to
the fulfilment of the company goal. Based on this fact, in this paper we have presented a
method to estimate the value of a navigation session according to different viewpoints.
This is the innovative aspect of the approach as it makes it possible to analyze user be-
havior by a global measurement related to all the relevant goals of the company. Besides,
an agent-based architecture has been defined with the aim of providing dynamism to
method deployment.

The main drawback of the method proposed in this paper, is that it requires a set of
sessions already classified by the experts of each department. To solve this problem we
have also proposed a semi-automatic method to classify sessions but the methods still
depends heavily on the expert.

The method has shown to have promising results in the e-commerce site that has been
used in the case-study. The results highlighted some market niches and helped the orga-
nization to find the factors that made sessions end successfully.

One important factor to measure the success of a session that has been tackled by the
proposed approach, is that of dealing with the different goals and viewpoints of the
company. However, goals to be achieved by a company also depend on the customer
typology, this is to say, for example, that goals to be achieved for very loyal customers
may differ from those for the customer who visit the site for the first time.

On the other hand, the proposed method estimates the value of a session based on the
presence of some relevant factors the order in which the events occur.

Some open issues that can be developed and addressed by multiple alternatives have been
the motivation of current research for improving the proposed method and forecoming
work.
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Abstract. With the ongoing shift from off-line to on-line business processes,
the Web has become an important business platform, and for most companies it
is crucial to have an on-line presence which can be used to gather information
about their products and/or services. However, in many cases there is a difference
between the intended and the effective usage of a web site and, presently, many
web site operators analyse the usage of their sites to improve their usability. But
particularly in the context of the Internet, content and structure change rather
quickly, and the way a web site is used may change often, either due to changing
information needs of its visitors, or due to an evolving user group. Therefore, the
discovered usage patterns need to be updated continuously to always reflect the
actual behaviour of the visitors.

In this article, we introduce PAM, an automated Pattern Monitor, which can be
used to observe changes to the behaviour of a web site’s visitors. It is based on
a temporal representation of rules in which both the content of the rule and its
statistical properties are modelled. It observes pattern change as evolution of the
statistical measurements captured for a rule throughout its entire lifetime and
notifies the user about interesting changes within the rule base. We present PAM
in a case study on the evolution of web usage patterns. In particular, we discovered
association rules from a web-server log that show which pages tend to be visited
within the same user session. These patterns have been imported into the monitor,
and their evolution throughout a period of 8 months has been analysed. Our results
show that PAM is particularly suitable to gain insights into the changes of a rule
base over time.

1 Introduction and Related Work

Knowledge discovery is an iterative process that reflects the need of extracting knowledge
from data that accumulate constantly [6]. The application expert periodically invokes
a data mining tool to extract patterns from the data. Each invocation contributes new
insights on the application domain, enriching the expert’s domain knowledge and, occa-
sionally, motivating her to revise her beliefs. As the expert becomes gradually familiar
with the patterns being extracted, she is increasingly interested in changes rather than in
already known patterns. Particularly in the context of the Internet, content and structure
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(© Springer-Verlag Berlin Heidelberg 2004
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change rather quickly, and the way a web site is used may change often or even perma-
nently, either due to the changing information needs of its visitors, or due to an evolving
user group. Therefore, the discovered usage patterns need to be updated continuously
to always reflect the actual behaviour of the visitors. In the case of a heavily used web
site with thousands of users per day, the question arises how this can be achieved with
a reasonable amount of effort.

One major problem is the large number of discovered rules, and the identification of
interesting patterns has become a widely discussed topic [9/7]. Even for small datasets
this a problem and makes the inspection of all rules impractical. In some cases, it may be
possible to assess the interestingness of rules manually or with respect to the application
context, e.g. if the occurrence of a particular pattern suggests an application error. How-
ever, this is usually quite time consuming, and there are approaches that offer application
independent solutions to this problem based on the statistical properties of patterns [21}
12]13]]. The problem of interestingness arises also when evaluating the changes that have
affected a rule. A commonly used approach to protect the domain expert from inspect-
ing too many rule changes is the definition of limits for e.g. the steepness of change
for the observed statistical measurements. When these limits are exceeded, the corre-
sponding rule change is considered to be interesting. Furthermore, a pattern classified
as interesting may only change slightly over time, whereas a pattern that is actually not
interesting may exhibit strong changes which are of particular importance to the domain
expert. Therefore, the selection of rules should not be limited to conventional methods
which assess rules statically, they should rather be evaluated embracing their temporal
dimension.

When data, as in the case of web-server logs, is continuously collected over a po-
tentially long period, the concepts reflected in the data will change over time. Due to
internal and/or external factors, the distribution and/or the composition of the dataset may
change. This requires the user to monitor the discovered patterns continuously, which is
of particular importance for applications that timestamp data. One possible way to deal
with the temporal dimension is to use an appropriate partitioning scheme. However, if
the partitions are too big or too small the user may miss important rules and/or changes.
Generally, partitioning is highly application depended. However, there is research into
formal methods for application independent partitioning of data. Chen and Petrounias
focus on the identification of valid time intervals for previously discovered association
rules [9]]. They propose a mechanism that finds (a) all contiguous time intervals during
which a specific association holds, and (b) all interesting periodicities that a specific
association has. Chakrabarti et al. propose the discovery of surprising, i.e. unexpected
and therefore interesting, patterns in market basket analysis by observing the variation of
the correlation of the purchases of items over time [8]. The underpinnings of that work
come from time series analysis, so that the emphasis is on partitioning the time axis
into such intervals that the rule statistics change dramatically between two consecutive
intervals.

In the last years, a number of methods and techniques for maintaining and updating
previously discovered knowledge have emerged which are able to deal with dynamic
datasets. A widely used approach is that of incremental mining in which the knowledge
about already extracted patterns is re-used in subsequent periods. Originally, the empha-
sis of incremental mining was on optimising the miners performance from one invocation
of the miner to the next. Most of this research focuses on the update of association rules
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[TOI2120122], frequent sequences [23], and clusters [[11]]. They aim at efficiently updating
the content of discovered rules, thus avoiding a complete re-run of the mining algorithm
on the entire, updated dataset.

The DELI Change Detector of Lee et al. uses a sampling technique to detect changes
that may affect previously discovered association rules [I7/16]]. It invokes an incremental
miner to modify the patterns if this turns out to be necessary.

Ganti et al. propose the DEMON framework for data evolution and monitoring
across the temporal dimension [[15]. DEMON focuses on detecting systematic vs. non-
systematic changes in the data and on identifying the data blocks (along the time di-
mension) which have to be processed by the miner in order to extract new patterns. The
emphasis is on updating the knowledge base by detecting changes in the data, rather
than detecting changes in the patterns.

Another avenue of research concentrates on the similarity of rules and on the statisti-
cal properties of rules by considering the lifetime of patterns, i.e., the time in which they
are sufficiently supported by the data [14/89/15]]. Ganti et al. propose the framework
FOCUS for the comparison of two datasets and the computation of an interpretable,
qualifiable deviation measure between them, whereby the difference is expressed in
terms of the model the datasets induce [14].

However, all of these proposals consider only part of a pattern, either its content,
i.e., the relationship in the data that the pattern reflects, or the statistical properties of the
pattern. In [3]], we took a first step towards an integrated treatment of these two aspects
of a rule. We proposed the Generic Rule Model (GRM) which models both the content
and the statistics of a rule as a temporal object. Based on these two components of a
rule, different types of pattern evolution were defined. Additionally, a simple monitor
was implemented which used a user supplied deviation threshold to identify interesting
changes to pattern statistics.

Pattern change is usually caused by concept drift. As Kelly et al. point out in [19],
adaptive classification algorithms, such as adaptive Bayesian networks are designed to
overcome concept drift by considering the impact of each individual new record on
the existing classifier and adapting it accordingly. However, the rapid accumulation of
records, as in web-server logs, makes the consideration of the impact of each record
ineffective. Moreover, individual records that come in large numbers are noisy and
reflect trends only partially, especially for trends that manifest themselves slowly, such
as a change in preferences or demographics of a user group.

The temporal aspects of patterns are taken into account in the rule monitors of [[LI7]]
and [BJ45]. In [7], Liu et al. count the significant rule changes across the temporal axis.
They pay particular attention on rules that are “stable” over the whole time period, i.e.
do not exhibit significant changes, and juxtapose them with rules that show trends of
significant increase or decrease. Significance tests form the basis of the experiments. In
[T]], upward and downward trends in the statistics of rules are identified using an SQL-
like query mechanism. Closer to our work is the research of Liu et al. on the discovery of
“fundamental rule changes” [18]]: they consider rules of the form ry,...,7r,—1 = 7,
and detect changes on support or confidence between two consecutive timepoints by
applying a x>-test. In our previous work, we model rules as temporal objects, which
may exhibit changes of statistics or content during the observation period, and we focus
on surprising changes, such as the disappearance of a rule and the correlated changes
of pairs of rules [3J4]. In [5], we make the distinction between “permanent” rules that
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are always present (though they may undergo significant changes) and those that appear
only temporarily and indicate periodic trends, and discuss methods for identifying them
in a progressive study.

In this study, we present PAM, an automated pattern monitor, and its theoretical
underpinnings. In a case study on the evolution of web usage patterns, we show how
the mechanisms implemented by PAM can be used to identify interesting changes in the
usage behaviour. In particular, we discovered association rules from a web-server’s log
that show which pages tend to be visited within the same user session. These patterns
have been imported into the monitor, and their evolution throughout a period of 8 months
has been analysed.

In the following section, we will introduce the theoretical framework PAM is based
upon and its architecture. In Section Bl our experimental results are summarised, and
Section [ concludes our study.

2 A Framework for Pattern Monitoring

We consider data mining as an iterative process which consists of consecutive “mining
sessions” initiated at specific points in time ¢;, ¢ = 0,1, ..., n, where ¢ is the moment
of the first analysis. In the mining session at time point ¢; the dataset D; collected in the
periodt; —t;—1,1 > 11is analysedE] Each session reveals a set of patterns, some of them
may be known from previous sessions, and others may be new. Still other patterns may
have disappeared from the rule base. As opposed to the incremental mining techniques
introduced in Section [1}, the statistical properties of known patterns are not updated.
Instead, the statistics of known patterns are recorded over time, and new patterns are
inserted into the rule base. In the general case this has an important impact on the
evolution of the statistics observed for a pattern.

Example 1. Consider a web site which has 5,000 visitors per week. Analysing the usage
of the server over a period of three weeks the site operator has determined that page
a.html was accessed in 1,000 sessions per week and page b.html in 1,500 sessions per
week. Both pages a.html and b.html were accessed together in 900 sessions in periods
t1 and t5 and in 600 sessions in period ¢3. Table [[lsummarises the usage over the three
periods. From these session information association rules have been discovered using a
support threshold of 7, = 0.1 and a confidence threshold of 7.,y = 0.8.

The last two columns of Table [[lshow the results of the incremental approach. While
there are no changes for the single item frequencies, both the support and the confidence
of the rule “a.html = b.html” decrease in the last periodd However, the rule still
satisfies the threshold values. When using the monitoring approach the results change
perspicuously. Since the data of each period is analysed separately, the influence of the
support change between the second and the third period is much stronger and causes the
disappearance of the pattern in the last period.

! In the remainder of the paper we use the terms “time point” and “period” interchangeably where
period ¢; corresponds to the time interval in which dataset D; was collected, i.e., between time
points t;—q and ¢;,7 > 1.

% The rule “b.html = a.html” is not considered as it fails to satisfy the confidence threshold in
all three periods.
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Table 1. Evolution of the site usage

t1 12 t3 t1—2 ti-3
# sessions 5,000 5,000 5,000 10,000 15,000
#a.html 1,000 1,000 1,000 2,000 3,000
supp(a.html) 020 0.20 0.20 0.20 0.20
#b.html 1,500 1,500 1,500 3,000 4,500
supp(b.html) 0.30 030 0.30 0.30 0.30
# (a.html U b.html) 900 900 600 1,800 2,400
supp(a.html Ub.html) 0.18 0.18 0.12 0.18 0.16
conf(ahtml = bhtml) 090 090 0.60 0.90 0.80

This observation reflects a general drawback of the incremental approach: with re-
spect to short-term changes it is far less sensitive than the monitoring approach. The
incremental method assumes implicitly that the distribution of the underlying dataset
does not change over time. However, in the long run this problem may be alleviated by
either using a sliding time window or assigning smaller weights to historical data.

2.1 Temporal Rule Model

As the basis for the temporal representation of patterns we use the Generic Rule Model
(GRM) [3]]. According to this model, a rule R is a temporal object with the following
signature:

R = ((ID, query,body, head), {(timestamp, statistics)})

In this signature, I D is a system generated identifier, which ensures that all rules with
the same body (antecedent) and head (consequent) have the same ID. It is used to
identify a rule non-ambiguously throughout its entire lifetime. The query is the data
mining query or similar specification of values for the mining parameters. Note that
query and ID are invariant across the time axis. Contrary to it, the statistics may vary
between two timestamps. The statistics depend on the rule type: We currently consider
the support, confidence and certainty factor of association rules. A detailed discussion
of the components of the rule signature can be found in [3].

Example 2. Using the GRM, in period t3 the rule “a.html = b.html” from Example[dl
would be represented as

R = ( (“ab”, {(Toupp = 0.1, Teons = 0.8), “ahtml”, “b.html”),
{ (t1, (supp = 0.18, conf = 0.9)),
(ta, (supp = 0.18, conf = 0.9)),
(t3, (supp = 0.12, conf = 0.6)) }).
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2.2 Detecting Significant Pattern Changes

We denote a mechanism that identifies significant changes to a rule’s statistic as change
detector. We use the notion of statistical significance to assess the strength of pattern
changes. In particular, we use a two-tailed binomial test to verify whether an observed
change is statistically significant or not.

For a pattern £ and a statistical measure s at a time point ¢; it is tested whether
£.s(ti—1) = £.s(t;) at a confidence level a.. The test is applied upon the subset of data
D; accumulated between ¢;,_; and t;, so that the null hypothesis means that D;_; is
drawn from the same population as D;, where D,_; and D; have an empty intersection
by definition. Then, for a pattern £ an alert is raised for each time point ¢; at which the
null hypothesis is rejected.

Example 3. Let supp(t;—1) = 0.1825 be the support of pattern £ at time point ¢;_1,
i.e. over dataset D;_1. Let the number of sessions in D; that support the pattern be 608
(successes) upon a total of 2914 sessions in D;. We test the null hypothesis H that the
support of ¢ has not changed significantly:

Hy:  Esupp(ti—1) = &.supp(ts)
Hy:  &supp(ti—1) # &.supp(ts)

Ata = 0.01, the confidence interval ranges from 0.1896 to 0.2287. Since the true support
value at time point ¢;,_; is smaller than the lower boundary of the confidence interval
we reject H and state that the support has changed significantly from time point ¢;_1
to time point ¢;.

These tests are applied to the set of all patterns that appear in a given period. All
significant pattern changes are additionally checked for their temporal dimension, i.e.,
whether they are only of temporary nature. We differentiate between two cases, (a) the
value of the statistic returns immediately to its previous level, and (b) the value remains
stable at the new level for at least m periods, where m is a user supplied parameter. For
this purpose, we again use the binomial test and check if there is a significant change
within the interval [¢;11, ;1] cancelling out the change in period ¢;. If so, the second
change is not reported to the user because it only represents the return of the measure to
its actual level. Instead, the significant pattern change is marked as a core alert which may
be used as an indicator for a beginning concept drift. Using this approach the temporal
dimension of an observed pattern change can be estimated already after m + 1 periods.

2.3 Heuristics for Detecting Interesting Pattern Changes

As opposed to the change detector, the heuristics are used to track changes to the statistics
of patterns starting at the time point at which the patterns have emerged for the first time,
even if they are not continuously in the rule base. Therefore, they can reveal potentially
interesting changes also for those patterns that do not satisfy the mining query in all
periods. Since the change detector is only aware of patterns that are present in the rule
base, this property may be of particular interest to the analyst.
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Occurrence-based Grouping. Patterns observed in a given period reflect the properties
of the underlying dataset at this specific moment. On the other hand, patterns that are
present in each period reflect (part of) the invariant properties of the population. If such
patterns change this may be of particular interest to the user.

We, therefore, group rules with respect to their stability over time and use the term
occurrence to denote the proportion of periods in which the rule is present, i.e., the
percentage of time points in which its statistics exceeded the threshold values specified
in the mining query. In particular, let f be the frequency of appearance of a pattern
defined as the ratio of time points at which the observed statistic measure exceeds the
thresholds specified by the domain expert. The range of f is [0, 1], which we partition
into the intervals I, := [0,0.5), Ip; := [0.5,0.75), Iy := [0.75,0.9), I+ :=[0.9,1)
and Ipermanent = [1, 1]. Alternatively, Iermanent can be set to [0.9, 1] for large values
of n, i.e. for a large number of discrete time points. Then, we label a pattern & as L, M,
H, H+ or permanent according to the interval at which f (&) belongs. Patterns labelled
as H or H+ are characterised as frequent patterns, whereas L and M form the set of
temporary patternsB

Then, for a pattern £ an alert is raised for each time point ¢; at which the pattern
changes the group it belongs to. Certainly, in order to assess the reliability of patterns,
a sufficiently long training phase is needed before meaningful group changes can be
observed; in the short run, this approach will be very sensitive to patterns that vanish or
emerge.

As mentioned above, one important peculiarity of this approach is that it can identify
many significant rule changes which cannot be observed by significance tests. This is
caused by the fact that this method will raise an alert when a rule appears/vanishes in/from
the rule base. In such cases, changes to the statistics of a rule will usually be significant.
However, if a pattern disappears from the rule base its time series is interrupted and a
significance test cannot be applied [

Corridor-based Heuristic. For this heuristic, we define a corridor around the time
series of a pattern. A corridor is an interval of values, which is dynamically adjusted
at each time point to reflect the range of values encountered so far. In particular, for a
pattern ¢ and a statistic measure s, we compute the mean m; and standard deviation
stddev; of the values {£.s(t;)|7 = 0,...,4}. The corridor at time point ¢; is defined
as the interval I(¢;) := [m; — stddev;, m; + stddev;], having a width of one standard
deviation in each direction of the mean. Then, for pattern £ an alert is raised for each
time point ¢; at which the value of the time series is outside the corridor I(¢;).

The corridor-based heuristic takes account of the values already encountered for a
given pattern. It is insensitive to oscillations of the time series around the threshold value
used to discover rules. However, it is sensitive to changes that differ from past values
but still remain in the interval. Furthermore, the corridor can only be defined reasonably
for late time points: at time point ¢1, a pattern change is most likely to be signaled
because the mean and the standard deviation are not well-defined. Thus, the corridor-
based heuristic is more appropriate for a retrospective study of the data; for a progressive

3 Depending on the application the user may opt to choose different intervals.
* One possible way to bypass this problem is to use the pattern monitor proposed in [3] which
computes the statistics of a rule directly from the underlying dataset.
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study, a sufficient number of mining sessions must be performed first. As in the case of
the occurrence-based grouping of patterns, this approach may also identify significant
changes which cannot be covered by significance tests because corridor violations are
tracked starting in the first period a pattern is visible. Therefore, an alert may also be
raised when the pattern has disappeared from the rule base. However, such changes may
be important for the user, e.g. if the reason for the disappearance is of interest.

Interval-Based Heuristic. For this heuristic, we partition the range of values of the time
series into intervals of equal width. In particular, we consider the interval [, M], where
M is the maximum permissible value per definition of the statistical measure under
observation (e.g. support), while 7 can be either a threshold provided by the application
expert or the minimum permissible value per definition of the statistical measure. This
range is partitioned into £ equal subintervals. Then, for pattern £ an alert is raised for each
time point ¢; at which the value of the time series is in a different interval than for ¢;_.
An optional parameter € can be supplied to specify the absolute minimum of a change to
be considered interesting, i.e., for each signaled interval change it is additionally checked
whether [€.s(t;) — €.s(ti—1)| > €.

Example 4. Consider a time series on rule support and a pattern £, whose time series
on support we denote as £.supp(t;),i = 0, ..., n. Further, assume that k = 4, i.e. the
range should be split into four intervals. Then, the range is [Tsupp, 1], where Tsupp 18
the support threshold specified in association rules’ discoveryl] For 7y, = 0.2, we
would have four intervals, namely I; = [0.2,0.4), Iz = [0.4,0.6), I3 = [0.6,0.8) and
I, = [0.8,1]. A pattern change is signaled for £ at each ¢;,¢ > 1 such that

E.supp(t;) € Ij N&.supp(ti—1) € Ljs NI # ILjr.

While the change detector is used to identify significant changes from a statistical
perspective, the heuristics take several aspects of pattern stability into account for the
identification of interesting pattern changes. The occurrence-based approach detects
changes in the frequency of pattern appearance over time, whereas the corridor-based
heuristic identifies changes that differ stronger from past values than expected. Finally,
the interval-based heuristic looks for absolute changes of a specified strength.

Table P]provides a comparison of the different approaches with respect to the inter-
estingness measure used, whether a training phase is needed, and which information is
taken into account to identify interesting pattern changes. According to these properties
and their implications, the domain expert has to decide which approach is appropriate
for the application in question. E.g., in order to deliver immediate results, the user may
choose the change detector and/or the interval-based approach, whereas for retrospec-
tive studies the corridor-based heuristic and occurrence-based grouping may also suit.
Furthermore, if the transaction data are not stored in a DBMS the utility of applying
the corridor-based and interval-based heuristic may be restricted as they can only reveal
interesting changes for visible patterns in this case.

3 This threshold is part of the query in the signature of a rule.
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Table 2. Comparison of the heuristics with respect to different dimensions.

change occurrence-based corridor-based interval-based
detector grouping heuristic heuristic
interestingness  statistical visibility of unexpected absolute change
measure significance patterns over deviation from  with respect to the
time past values previous period
training phase no yes yes no

data analysed  pattern statistics pattern statistics ~ pattern statistics, pattern statistics,
transaction data  transaction data

2.4 Identifying Atomic Changes

The change detector returns at each time point ¢; the set of all patterns, whose observed
statistic measure has changed with respect to the previous period. Normally, this set will
be large, and some of the patterns may be correlated because they overlap in content.
In such cases, it is likely that their changes are due to the same drift in the population.
Therefore, we try to identify a minimal set of patterns that caused all change. For this
purpose, we consider the components of each pattern, assuming that if a pattern change
has occurred, it may be traced back to changes of the statistics of its components. We
use the term atomic change for a change in a pattern which has no component that has
itself experienced a change.

According to a rule’s signature given in Section[2.1] a rule has a body and a head. We
observe them together as components of a pattern £ that correspond to the rule’s itemsets.
If a pattern change on £ is reported at time point ¢;, it may be due to a change of one
or more of its components. Therefore, at time point ¢; we consider all combinations of
the elements ey, . . . , € gun(¢) CONstituting &, i.e. Zée:”fth(f)—l (leng]t,h(f)) components,
excluding ¢ itself. The following algorithm is used to attribute support changes of a rule
to the support changes of its components:

Algorithm findCauses(=):
1 causes :=(;
2 foreach ¢ € =5 do
3 {2 := computeLongestComponents(£);
4 for each w € (2; do
5 if w ¢ causes and length(w) > 0; then
6 if isInteresting(w) = true; then
7 causes = causes U w;
8 causes = causes U findCauses(w);
9

endif;
10 endif;
11 done;
12 done;

13 return causes;
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The argument of the algorithm is the set of patterns showing significant changes. In
line 3 the algorithm computes the set of the longest components for the pattern being
processed. Only if a component shows a significant change it is decomposed further,
and the subcomponents are checked (cf. lines 6-8). The idea is that only components
showing significant changes may have contributed to an observed pattern change; all
other components can be ignoredﬁ Additionally, a global cache is used to avoid repeated
checks of the same component.

The algorithm assumes the base characteristic of association rules, namely that if a
rule is frequent, then all its components are also frequent. Hence, for each pattern in the
rule base produced at each time point ¢;, all its sub patterns are also in the rule base.
Since the change detector considers all time series, any pattern that has experienced a
change at ¢, is placed in =, independently of its components. Thus, if a component of a
pattern ¢ is found in =, we attribute the change of £ to it and ignore £ thereafter.

2.5 Architecture of PAM

PAM encapsulates one or more data mining algorithms and a database that stores data
and mining results. Currently, there are interfaces for using the algorithms k-means
and Apriori from the Weka tool set [24]. However, in principle any mining algorithm
implemented in the Java programming language can be used within PAM.

The general structure of a PAM instance is depicted in Figure[Il The core of PAM

=

RDBMSs

External

PAM Core Data
Sources

Data %ules Data '
Rules Flat Files
Results | | Queries
Mining T
Algorithms RDBMS

Fig. 1. General structure of a PAM instance.

implements the change detector and heuristics described in the previous paragraphs.
When incorporating new data, e.g. the transactions of a new period, these algorithms
are used to detect interesting pattern changes. The core offers interfaces to external data
sources like databases or flat files. In the database not only the rules discovered by the

® However, for the user it may also be of interest if a component is stable, i.e. does not show
significant changes.
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different mining algorithms are stored, but also the (transaction) data. For example, in
order to apply the corridor-based heuristic it may be necessary to access the base data,
e.g. if the pattern in question could not be found in a particular period. Mining results
are stored according to the GRM which has been transformed into a relational schema

5].

3 Experiments

For the experiments, we used the transaction log of a web-server hosting a non-
commercial web site, spanning a period of 8 months in total. All pages on the server
have been mapped to a concept hierarchy reflecting the purpose of the respective page.
The sessionised log file has been split on a monthly basis, and association rules showing
the different concepts accessed within the same user session have been discovered. In
the mining step, we applied an association rule miner using minimum support of 2.5%
and minimum confidence of 80%.

3.1 Overview

Table [3] gives a general overview on the evolution of the number of page accesses,
sessions, frequent itemsets and rules found in the respective periods. The last five columns

Table 3. General overview on the dataset.

number of rules

period accesses sessions itemsets total unknown known previous disapp

1 8335 2547 20 22 22 - - -
2 9012 2600 20 39 27 - 12 10
3 6008 1799 20 26 4 9 13 26
4 4188 1222 21 24 1 11 12 14
5 9488 2914 20 14 - 1 13 11
6 8927 2736 20 15 1 5 9 5
7 7401 2282 20 13 2 3 8 7
8 9210 3014 20 11 1 2 8 5

are of particular interest as they show the evolution of the entire rule base. The column
labelled fotal gives the total number of rules in the respective period, unknown gives
the number of rules that were found for the first time, and the column known shows the
number of patterns that are new with respect to the previous period but already known
from past periods. The sum of the columns unknown and known corresponds to the total
number of new rules in the respective period. The columns previous and disapp represent
the number of rules that were also present in the previous period, and the number of
rules that disappeared from the previous period to the current, respectively.
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The first period corresponds to the month October. It can be seen that in periods 3
and 4 (December and January) the site was visited less frequently than in other periods,
although the number of discovered rules remains comparably high. The number of fre-
quent itemsets is rather invariant, whereas the total number of rules falls, especially in
the second half of the analysis. The number of rules that are found for the first time is
quite large up to period 2. Interestingly, it took only two periods to learn almost 85%
of all the rules that could be found throughout the entire analysis. It turns out that the
fluctuation of the rule base decreases conspicuously in the last three months—both the
total number of emerging patterns and the number of disappearing patterns fall. Due to
the decrease in the total number of rules, the number of rules that are also present in the
previous period declines as well.

In order to assess the stability of the rules found, we grouped them according to
their occurrence, i.e., the share of periods in which they were present (cf. Table[4). In

Table 4. Rules grouped by occurrence.

periods present rules occurrence interval

8 3 100.0 Ipermanent
7 4 87.5 Iy

6 4 75.0

5 2 62.5 It

4 2 50.0

3 6 37.5

2 15 25.0 Ir

1 22 12.5

total, there were 58 distinctive rules, but only 11 rules were frequent according to the
definition in Section 23] i.e., they were present in at least 6 periods. Due to the large
proportion of rules which appeared only once or twice, there were strong changes to
the mining results even for adjacent periods, especially in the first half of the analysis
(cf. Table B). With respect to the number of distinctive rules we can observe a related
phenomenon: while there were 54 unique patterns in periods 1 to 4, in periods 5 to 8
only 25 different patterns could be found. Apparently, the usage patterns show a greater
extent of diversification in the first half of the analysis.

3.2 Detecting Interesting Pattern Changes

All experiments are solely based on the support of rules, i.e., in order to determine and
assess rule changes only the support of a pattern was analysed. However, when analysing
changes to the confidence of a rule the same methodology can be used. As described in
Section 2.2] we differentiate between short-term and long-term changes to the statistics
of rules. For simplicity, we considered only two different scenarios in the experiments,
either the support value returned immediately to its previous level, or it remained stable
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at the new level for at least one more period (core alert), i.e., we used m = 1 (cf.
Section 2.2)).

In total, we observed 164 cases over the period of 8 months, whereby the term case
refers to the appearance of one rule in one period. However, depending on the heuristic
being applied we considered different numbers of cases. For example, the change detector
can only be used if the pattern is present in both periods ¢; and ¢;_;. Furthermore, the
significance tests cannot be applied in the first period the pattern is present. On the other
hand, the heuristics consider pattern changes starting from the first period the pattern
was present, whereas two of the heuristics need a training phase.

Table Bl shows the results of applying the change detector and the heuristics. In the
second column the number of considered cases is given. Column 3 shows how many of
these changes were found to be interesting, and column 4 shows how many interesting
changes were also signiﬁcant.ﬁ] The last column gives the number of significant changes
that were core alerts.

Table 5. Results of the different approaches.

number of

approach changes interesting significant core alerts
change detector (comparable) 75 10 10 3
change detector (observed) 142 17 17 11
change detector (all) 344 48 48 32
occurrence-based grouping 178 33 10 6
interval-based heuristic 344 16 12 4
corridor-based heuristic 178 79 22 10

At first we applied the change detector on all cases as they would be available
when using conventional mining tools, i.e., we considered only such cases where the
pattern was present in period ¢; as well as in period ¢;_1. From a total of 75 cases being
considered we found 10 significant changes, 3 of them were core alerts. In the second
step we considered all cases discovered by the miner except the 22 cases from the first
period, i.e., if a pattern was present in ¢; but not in ¢;_; we computed its statistics in ¢;_1
directly from the data. For this purpose we used the pattern monitor described in [5].
From the resulting 142 cases we found 17 significant changes, 11 of which core alerts.
In the third step the change detector was applied to all cases that would be considered by
the heuristics, i.e., the statistics of a pattern were analysed starting at the first time point
at which the pattern was present. In this case 48 out of 344 changes were significant, 32
thereof core alerts.

Despite the fact that all the heuristics operate on the same set of cases, for the
occurrence-based and the corridor-based approach the number of cases considered for
the detection of interesting changes is much smaller. As described in Section2.3|these two

" Due to its notion of interestingness, for the change detector the value of column 3 is always
equal to the value of column 4.
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heuristics need a reasonable training phase before they work reliably. Due to the limited
number of periods, we used four periods (starting in the first period in which the pattern
was present) as a training phase and observed interesting changes only for the remaining
periods. Since equal training phases were used in both cases, the same number of cases
were included in the analysis. For the occurrence-based grouping we encountered a total
of 33 interesting changes. Using the corridor-based heuristic we identified a total of
79 interesting changes, almost half as much a the number of cases being considered.
Although the number of cases considered for the interval-based heuristic was much
larger, we found only 16 changes to be interesting. This result was achieved using
k = 25 intervals, and it turned out that only a drastic increase in k£ would have led to a
larger number of interesting changes. Having a close look at the changes identified by
this approach, we encountered a serious problem: depending on whether the value of the
time series was close to an interval boundary or not, the same absolute support change
led in one case to an interval change, in another case it did not. A possible solution
to this problem would be to choose € equal to half of the width of a single interval
which, however, is equivalent to checking for an absolute support change of €. The effort
required to compute the intervals would only be justifiable if the interval boundaries
would have a specific signification, e.g. with respect to the application context.

In order to compare the results of the heuristics and the change detector we also
checked the significance of all interesting changes. In total there were 25 significant
changes identified by one of the heuristics, which is about half of the total number
of significant changes. However, if the same training phases as e.g. in the case of the
corridor-based approach would be used for the change detector, only 30 significant sup-
port changes would be found. Furthermore, we noticed that the intersection of changes
identified by one of the heuristics and the total number of observed cases amounted only
to 24. This complies with our assumption from Section[2.3]that the heuristics also reveal
interesting changes for patterns that are invisible at the moment. Therefore, the change
detector should be used in conjunction with at least one of the heuristics.

Figure 2] shows an example of applying the occurrence-based grouping. The hori-
zontal lines at 0.5, 0.75 and 0.9 represent the borders of the different groups of relative
occurrence, the vertical line in period 4 represents the end of the training phase. In the
first period the pattern is present (occurrence = 1), in the second period the pattern dis-
appears and the occurrence drops to 0.5. However, since the training phase is not yet
finished we do not observe a group change. In the remaining periods the pattern is present
and the occurrence grows, except for period 8 in which the pattern again disappears.

In Figure[3] it is shown how the corridor reacts on the changing support of a pattern.
The horizontal lines represent the interval borders, the dotted line the corridor borders.
Again, the vertical line in period 4 represents the end of the training phase. With respect
to the previous period, in periods 5, 6 and 7 the value of the time series is in another
interval. All of these changes were also significant. In periods 5, 7 and 8 we observe
corridor violations. However, although the support value of the last period is also outside
the corridor no alert is raised because there is no significant change back to the previous
level. Instead, the alert in period 7 is marked as a core alert which may signal a beginning
concept drift.

In summary, there were basically two different results: on the one hand, we had a
small number of permanent patterns which changed only slightly throughout the analysis.
On the other hand, there were many temporary patterns, especially in the first half of the
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analysis, which changed almost permanently. For example, it turned out that rules which
were present in only 2 periods were responsible for 31 corridor violations, whereas the
permanent patterns caused only 8 violations.

3.3 Detecting Atomic Changes

All rules returned by the change detector and the heuristics were decomposed into their
itemsets, which were checked for significant changes. Table[6] summarises the results of
this step. In the second column the number of component changes which were checked
for significance is given, the last column contains the number of significant component
changes. It turned out that, no matter which approach was used, only about 50% of the



196 S. Baron and M. Spiliopoulou

Table 6. Number of significant itemset changes.

component changes

approach checked significant
change detector (comparable) 28 17
change detector (observed) 59 28
change detector (all) 226 102
occurrence-based grouping 42 18
interval-based heuristic 32 22
corridor-based heuristic 82 51

itemsets of a pattern that changed significantly also showed significant changes. For the
user this information is quite interesting as it enables her to track down the causes of the
observed pattern changes.

3.4 Discussion

In each period, the change detector and the heuristics output a set of pattern changes
which are interesting with respect to the definition of interestingness the actual heuristic
is based upon. However, the question whether or not these changes are really of interest
can only be answered by the domain expert, taking the application context into account.
In the following, we will discuss the results of applying our methodology on the example
of a specific pattern.

The pattern I11 = I3 suggests that visitors who access the homepage of the concept
information (111) also access pages of the concept overview and navigation (13). From
the application context the pattern is probably not surprising, but as it is present in all
periods the user may pay special attention to it. Table [7]shows the time series of several
statistical properties of both the pattern and its components§ While lift and confidence
show only slight changes (except for period 4), the support of the pattern decreases
considerably from period 1 to 8 Since the confidence level is rather stable the support
of the concept I11 should show a similar trend. In order to verify this assumption
the support of the pattern’s components was analysed. It can be seen that I11 shows
a comparable trend—after a short increase in period 2 we encounter a conspicuous
decrease which is only interrupted in period 6 (cf. Table[7). It is more than likely that the
support change of I11 has at least contributed to the support change of the pattern. The
other component shows a different development. Its support decreases slightly in period
2, shows an increasing trend from period 4 to 7, and drops in the last period. Interestingly,
in period 8 the support of both concepts drops, although the absolute number of sessions
supporting them increases. Thus, the growth of the total number of sessions in the last
period is mainly caused by visitors who do not access those concepts, or access them
less frequently. The implications for the domain expert depend on the role of these

8 The results of applying the corridor-based and interval-based heuristic are depicted in Figure Bl
9 Note that the time series of the total number of sessions shows a different trend (cf. Table[3).
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Table 7. Time series of the statistical properties of I11 =- I3 and its components.

I11 = I3 I11 I3

period support confidence lift number support number support number

1 0.116 0.843 1.08 295 0.137 350 0.780 1986
2 0.129 0.859 1.12 335 0.150 390 0.766 1992
3 0.113 0.876 1.14 204 0.130 233 0.774 1392
4 0.115 0.870 1.19 140 0.132 161 0.733 896
5 0.090 0.822 1.10 263 0.110 320 0.746 2173
6 0.108 0.853 1.12 295 0.126 346 0.760 2078
7 0.076 0.837 1.05 174 0.091 208 0.796 1817
8 0.065 0.848 1.18 196 0.077 231 0.722 2175

pages. If they are indispensable to achieve the objectives of the site the administrator
should investigate the reasons for the observed change and take appropriate actions. In
this specific case, the homepage of an entire concept is affected. If the site is strictly
hierarchical, without links between the different concepts, the change will have strong
effects on the access to all pages belonging to this concept.

3.5 Performance Issues

There are three main aspects influencing the performance of PAM. Firstly, if a pattern
disappears its statistics have to be computed. Since the SQL-based computation of the
statistics is much more efficient than applying a miner, this is usually not a major issue
[5]. While the number of queries depends linearly on the number of rules being monitored
(2n + 1), the complexity of the queries depends on the number of items in a rule and
on the number of transactions in the respective period. The second aspect refers to
the monitoring step which may induce a substantial effort. For the occurrence-based
heuristic and interval-based heuristic there are only a few comparisons to be made.
However, the significance tests can be quite expensive, especially if a large number of
rules is monitored. For the corridor-based heuristic, mean and standard deviation have
to be computed. Only if very long time series are considered this may be problematic.
Lastly, in order to identify atomic changes, additional significance tests have to be done,
where the number of tests depends on the number of components in the pattern (cf.
Section[2.4).

Table [8] shows the processing time in seconds needed for the different heuristics,
including the time to access the database['J All the heuristics were applied independently,
i.e., we did not use a global cache to remember results produced by another heuristic
(cf. Section 2.4). Execution time #1 corresponds to the heuristic itself, #2 refers to
the check whether interesting changes were also significant, including the detection of
atomic changes. No matter which heuristic is considered, the time needed to check a
single pattern change amounts to approximately 0.8 seconds, whereas the time needed
for the significance tests decreases with increasing number of tests. This is caused by a

19 All experiments were ran on a P 4/2 GHz/512 MB.
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Table 8. Processing time for the different heuristics.

number of execution interesting execution

approach changes time #1 changes time #2
change detector (observed) 142 280.0 17 -
occurrence-based grouping 178 147.9 33 98.2
interval-based heuristic 344 281.6 16 60.5
corridor-based heuristic 178 150.4 79 208.7

local cache which ensures that components are not checked twice when detecting atomic
changes.

4 Conclusions

In this article, we introduced PAM, an automated pattern monitor, which was used
to observe changes in web usage patterns. PAM is based on a temporal rule model
which consists of both the content of a pattern and the statistical measures captured for
the pattern. We have introduced a set of heuristics which can be used to identify not
only significant but also inferesting rule changes. We argue that the notion of statistical
significance is not always appropriate: concept drift as the initiator of pattern change
often manifests itself gradually over a long period of time where each of the changes
may not be significant at all. Therefore, our heuristics take different aspects of pattern
stability into account. E.g., while the occurrence-based grouping identifies changes to
the frequency of pattern appearance, the corridor-based heuristic identifies changes that
differ stronger from past values than the user would expect. The question which definition
is appropriate and, hence, which pattern changes are really interesting to the user can
only be answered with respect to the application context. In particular, the domain expert
will have to inspect the patterns showing interesting changes at least once in order to
decide whether or not the used definition was suitable.

We presented PAM in a case study on web usage mining, in which association rules
were discovered that show which concepts of the web site analysed tend to be viewed
together. Our results show that PAM reveals interesting insights into the evolution of the
usage patterns. Particularly the analysis of interesting pattern changes, i.e., the identi-
fication of changes which contributed to interesting pattern changes, may be important
to the analyst. On the other hand, it turned out that the interval-based heuristic treats
changes of equal strength differently, depending on whether or not the respective value
is close to an interval border. However, as pointed out in Section Blthe intervals and/or
their borders may be of particular importance with respect to the application domain and
their computation may be mandatory. Another option is an algorithm which learns the
intervals, either in order to find as many as possible pattern changes or even to minimise
the number of reported changes.

Challenging directions for future work include the application of the proposed
methodology to the specific needs of streaming data, and the identification of inter-
dependencies between rules from different periods. In this scenario, each data partition
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constitutes a transaction in each of which a number of rules (items) appear. These trans-
actions can then be analysed to discover periodicities of pattern occurrences and/or
temporal relationships between specific rules.

Acknowledgements: Thanks to Gerrit Riessen for his valuable hints.
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