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ABSTRACT

The global growth in popularity of the World Wide Web has been enabled in part
by the availability of browser-based search tools, which in turn have led to an increased
demand for indexing techniques and technologies. This explosive growth is evidenced by
the rapid expansion in the number and size of digital collections of documents. Simulta-
neously, fully automatic content-based techniques of indexing have been under develop-
ment at a variety of institutions. The time is thus ripe for the development of scalable
knowledge management systems capable of handling extremely large textual collections
distributed across multiple repositories.

Hierarchical Distributed Dynamic Indexing (HDDI) dynamically creates a hierarchical
index from distributed document collections. At each node of the hierarchy, a knowl-
edge base is created and subtopic regions of semantic locality are identified. This thesis
presents an overview of HDDI with a focus on the algorithm that identifies regions of

semantic locality within knowledge bases at each level of the hierarchy.
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CHAPTER 1
INTRODUCTION

The explosive growth of digital repositories of information has been enabled by re-
cent developments in communication and information technologies. The global Inter-
net/World Wide Web exemplifies the rapid deployment of such technologies. Despite
significant accomplishments in internetworking, however, scalable indexing techniques
for distributed information lag behind the rapid growth of digital collections.

In the 21% century, a significant amount of information useful in the practice of sci-
ence will be available via such computer communications networks. The appearance of
focussed digital libraries on the World Wide Web demonstrates the willingness of scien-
tists and engineers to distribute detailed information beyond that traditionally available
in the published literature (e.g., [1]). It is critical that new information infrastructure
be developed that enables effective search in the huge volume of distributed information
emerging in digital form.

Traditional methods of indexing combine multiple subject areas into a single, mono-
lithic index. There are already enough documents on the Web that such indexing tech-
nology is often failing to perform effective search. The difficulty lies in the fact that
since so many documents and subjects are being combined together, retrieving all the
documents that match a particular word phrase often returns too many documents for
effective search. This problem has been known for some time [2].

In order to properly address this problem, a paradigm shift is needed in the approach
to indexing. First and foremost, it is clear that digital collections are now and will

continue to be distributed. Our first premise is thus that indexes must also be distributed.



Secondly, it must be realized that the information contained in these distributed
digital repositories is hierarchical in nature.! Traditionally, knowledge hierarchies have
been created with human expertise.? Such an approach does not scale to the tremendous
amount of emerging digital information for two reasons: as knowledge increases, new
topics are emerging at a greater rate, and both this and the sheer volume of information
preclude manual approaches to indexing. Our second premise is thus that distributed
indexes must properly reflect the hierarchical nature of knowledge.

Thirdly, due to the vast increase in communications bandwidth and computing and
online storage capabilities mentioned above, digital collections are frequently updated.
This process reflects a key characteristic of 215" century collections: namely, they are
dynamic in nature. Our third premise is thus that any new information infrastructure
must include dynamic indexing capabilities.

In the final analysis, these three technologies must be integrated into a cohesive whole.
The goal of our research is thus to architect a knowledge management prototype based
on HDDI: Hierarchical Distributed Dynamic Indexing.

This thesis will give a brief overview of the steps involved in HDDI, and then focus on
my work in developing technology for identifying regions of semantic locality in knowledge
bases. I will also use the results of our experiments to justify the need for a hierarchical
classification of knowledge.

Chapter 2 provides the reader with an overview of HDDI. It describes the different
steps and concepts leading to a scalable dynamic index of repositories.

Chapter 3 describes sLoc, the algorithm we developed at NCSA to identify regions
of semantic locality in knowledge bases. After a review of the previous work, I explain
the theory behind sLoc. Because sLoc is intended to be used for a whole set of different

applications, we designed a set of measures that the user may select from to get the

!This point was made recently by the National Center for Supercomputing Applications (NCSA)
director Larry Smarr and echoed by NSF CISE assistant director Ruzena Bajcsy at recent seminars at
the University of Illinois.

20ne popular form is the thesaurus (e.g., the National Library of Medicine’s MeSH thesaurus).



clustering needed for his particular application. I then report on our experiments with
these different measures and give more information on their use.

In Chapter 4, I describe the experiments we conducted in order to validate our ap-
proach with sLoc. For the particular case of a query search application, we compared
sLoc to gold standard collections from the SMART project:* ADI, CISI and MED. This
led us to some better insight into the use of the hierarchy in HDDI.

Chapter 5 states our conclusions and open issues for future work.

3Cornell University.



CHAPTER 2

OVERVIEW OF INFORMATION
RETRIEVAL AND HDDI

This chapter will discuss the goals, concepts and strategies used in building a Hier-
archical Distributed Dynamic Index. I will first give a brief overview of the information
retrieval field,! and explain what specific applications of IR HDDI addresses. I will then
describe the HDDI process step by step. Finally, we will take a look at how HDDI can

be applied to knowledge management in various applications.

2.1 Overview of Information Retrieval

First of all, information retrieval (IR) is a broad term with multiple meanings. In
the scope of this thesis, we shall be concerned only with automatic information retrieval
systems. We are actually considering automatic as opposed to manual systems; we also
want to make a clear distinction between information and data. In “Information Storage
and Retrieval” [4] Korfhage describes the difference between information and data as

follows:?

Data are received, stored, and retrieved by an information endosystem. The
data are impersonal; they are equally available to any users of the system.
Information, in contrast, is a set of data that have been matched to a partic-

ular information need. That is, the concept of information has both personal

!This section is adapted from van Rijsbergen’s 1979 book [3] for the most part. I added references
to IR work in the eighties and nineties, and put this introduction into HDDI’s perspective.

2The endosystem [5] consists of those factors that the designer can specify and control such as the
equipment, algorithms and procedures used.



and time-dependent components that are not present in the concept of data.
For example, even if a system can provide to the user a list of ingredients
in a certain breakfast cereal or the names of the signers of the Declaration
of Independence, these data are not information if they are already known
to the user or have no relevance to the user’s need. In effect these data be-
come noise in the system, disrupting the user’s awareness and concentration.
In addition, they potentially dilute the system response to any information

need.

Even if information retrieval is not only about document retrieval, it has been accepted
as a description for the work published by Cleverdon [6], Salton [7, 8], Sparck Jones [9]
and others. Instead of documents, one can consider other pieces of information to be
retrieved: similar terms and sentences, for example. For the sake of simplicity we will
describe IR as retrieving documents or items, but one has to keep in mind that a document
is not the only chunk of information that can be returned.

Another perspective is to consider information retrieval (IR) in relation to data re-
trieval (DR). The main aspect that differentiates IR from DR is that DR normally looks
for an exact match — it returns a boolean answer to the request saying if the there is an
item that exactly matches the request. IR will rather find all the items that partially
match the query and then rank them with respect to a given set of criteria, only to return
the best matches.

Data retrieval is generally described as deterministic, whereas information retrieval
is essentially probabilistic. While DR uses simple yes/no relationships between elements
(a is related to b, or is not), IR allows a degree of uncertainty in these relationships, and
assigns a measure on it.

As van Rijsbergen puts it [3], data retrieval typically uses a monoethic classification:
in order to belong to a class, an object must have a set of attributes both necessary and
sufficient to belong to a class. In IR such a classification would not be very useful; a
polyethic classification is rather used, one where an object will only share some attributes

with the other class members.
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Input Output
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Figure 2.1 A typical IR system

Yet another difference between IR and DR is the way the queries are entered. DR
requires the use of an artificial language with a restricted syntax whereas IR allows queries
entered in natural language. This is due in part to the fact that IR will be much more
tolerant to errors than DR. In IR, we look for a set of relevant documents, while in DR

we want exactly matching items.

2.1.1 An information retrieval system

In this section, I will describe a general IR system using Figure 2.1 adapted from the
typical IR system Van Rijsbergen describes in [3]. This is a framework simple enough to
address many practical implementations in a general way. The whole system is based on
three main components: input, processor and output.

Let us tackle the input side first. Here we want to get a representation of the doc-
uments and queries that a computer can use. Most systems will use a document repre-
sentative rather than the plain input document. It can be a list of terms or, as we will
see with HDDI, a list of noun phrases. Another approach to this problem is to directly
submit the inputs (queries and/or documents) in an artificial language.

Provided that the retrieval system is on-line, the user can get feedback from the
system and change its request accordingly. This is a major means for improving the

effectiveness of information retrieval systems.



The processor is the second part of the retrieval system. This is the module actu-
ally concerned with structuring the information in order to actually retrieve the relevant
items. This process usually involves some sort of classification and a strategy for per-
forming the actual search over the resulting structure.

Eventually the processor does or does not find relevant documents and outputs the
results. These typically consist of a set of items (documents or other chunks of informa-
tion). At this point the processing part of IR is done, but the results need to be analyzed

in order to know how well the system performs.

2.1.2 The three dimensions of information retrieval

Following van Rijsbergen [3], we identify three main areas of research in IR: content
analysis, information structures, and evaluation. The first is concerned with describing
the contents of documents in a suitable form for computer processing. The second, infor-
mation structures, focuses on exploiting relationships between the pieces of information
in the input, in order to improve efficiency and effectiveness of retrieval strategies. The

third, evaluation, addresses the issues of measuring the effectiveness of retrieval.

2.1.2.1 Content analysis

Van Rijsbergen reports that since Luhn (see [10]) in the late 1950s, frequency counts of
words in a document text have often been used to determine which words were significant
enough to represent the document in the computer. These words have thus been called
keywords. In addition, the frequency of occurrence of these words in the body of the
text were also used to indicate how significant they are one compared to the other. This
provided a simple weighting scheme for the keywords, and documents were represented
using a weighted keyword description of the document.

At this point T want to make clear what is meant by keyword with respect to term.

Traditionally the two have been used interchangeably, but in the scope of this thesis, we



will use term only to refer to a single word keyword (e.g., “car”). However, notice that a
keyword can also be a set of words such as a noun phrase (e.g., “brand new blue car”).
Van Rijsbergen reports that the use of statistical information about distributions of
words in documents was exploited by Maron and Kuhns [11], and Stiles [12] who obtained
statistical associations between keywords. In order to achieve better retrieval results
these associations were used to build a thesaurus. The 1964 Washington Symposium on
Statistical Association Methods for Mechanized Documentation [13] is a good reference
for this early work. Karen Sparck Jones used measures of association between keywords
based on their frequency of co-occurrence, that is, the frequency with which two keywords
occur together within the same document. She has shown that such related words can

be used to increase the proportion of the relevant documents which are retrieved [9].

2.1.2.2 Information structure

The information structure deals with the way the information is organized for the
purpose of information retrieval. This is a crucial part of the process; if not executed
properly, the information structure can lead to very poor efficiency. A popular orga-
nization is the inverted file where for each keyword, the documents in which it occurs
are listed. Many experiments have attempted to demonstrate the superiority of another
organization, in clustered-files, potentially better for on-line retrieval. The organization
of these clustered files is produced by an automatic classification method.

Over the last 40 years, these automatic classification techniques have been the subject
of an extensive research practice. Van Rijsbergen reports that Good [14] and Fairhorne
[15] first suggested that the use of automatic classification in document retrieval. Doyle
[16] and Rocchio [17] carried out the first serious experiments in document clustering back
in 1965. Over the 1970s Salton’s SMART system [7] provided the necessary tools for the
research community to carry out experiments in this field. Over the 1980s document
clustering has still been used extensively, and new methods have also been investigated
from the late 1980s until now, such as Latent Semantic Indexing (LSI) by Susan Dumais

[18]. LSI is based on an SVD (singular vector decomposition) of the term to document



matrix; it then reduces the dimension of the space to find the latent relationships between
terms. It is different from document clustering because clusters are not actually formed;
during the retrieval phase the query vector is mapped into the smaller dimension space

and a distance metric is used to return the closest documents.

2.1.2.3 Evaluation

The first comparative test of information retrieval dates back to the first Cranfield
test, between 1958 and 1962 [19]. Later on, in the 1970s, the SMART retrieval system
[7], [20], and Sparck Jones [9] experiments are characterized by the use of test collec-
tions of documents, requests and relevance judgments that will be needed, and by the
view of information retrieval as a batch process. Interaction with the user is not really
compatible with this approach [21]. In 1981, Karen Sparck Jones edited Information
Retrieval Experiment, a good summary of what had been done at the time. In late 1991,
TREC (Text REtrieval Conference) started [22]. TREC provides researchers with a set of
collections and queries. Results are submitted to the organizers for relevance evaluation.

Today effectiveness of retrieval is mostly measured in terms of precision (the propor-
tion of retrieved documents which are relevant) and recall (the proportion of relevant

documents retrieved) or by measures based on them.

2.1.2.4 Effectiveness and efficiency

The main purpose of the research in information retrieval is to improve effective-
ness and efficiency of retrieval. Efficiency is usually measured in terms of the computer
resources used such as memory used, storage necessary, and CPU time. Efficiency mea-
surement is generally machine-dependent. In the previous section I mentioned that ef-
fectiveness is usually measured in terms of precision and recall. Because these measures
are central to any study in information retrieval, let me state the definitions for precision

and recall here:



. Number of relevant documents retrieved
Precision = : (2.1)
total number of documents retrived

Number of relevant documents retrieved
Recall = (2.2)
total number of relevant documents

The reason for emphasizing these two measures is that [ make frequent reference to
retrieval effectiveness but its actual use is delayed until Chapter 4. It will suffice until

we reach that chapter to think of retrieval effectiveness in terms of precision and recall.

2.2 Overview of HDDI

Hierarchical Distributed Dynamic Indexing (HDDI) is a technology for organizing
very large distributed and dynamic data sets into a cohesive hierarchical framework for
optimal probabilistic search.

Our primary objective in the Hierarchical Distributed Dynamic Indexing project is to
create a software system whereby large, distributed collections are automatically indexed
for use in concept-based knowledge searches. The difficulty in creating indexing systems
that effectively perform concept-based search is a well-known problem [23].

The following steps compose the HDDI system:

Concept extraction

Matrices build

Hierarchy build

Knowledge base creation

Regions of semantic locality detection

Hierarchy map formation

10



2.2.1 Concept extraction

During the concept extraction process, parts of speech within documents are tagged
and all concepts (e.g., nouns and noun phrases in textual collections) occurring within
the document collection are identified. Heuristics are applied to prune the result set.
Documents are currently stored in Extensible Markup Language (XML) format. The

resulting set of concepts is then used in the matrices build process.

2.2.2 Matrices build

Concepts extracted during the previous process are used to compute concept fre-
quency and co-occurrence matrices. Concepts which occur within the same document
are defined as co-occurring. The frequencies of co-occurrences of concept pairs among all

documents in the set are also computed.

2.2.3 Hierarchy build

The hierarchy build is a metalevel organizational process that combines the matrices
built in the previous step. These co-occurrence matrices provide the basis for organizing
concepts into an ontology of knowledge based on the content of the collections. Systematic
filtering, pruning, and meshing lower level (child) matrices form the hierarchical structure,
producing higher level (parent) combined matrices as show in Figure 2.2. The process
is iterative in that matrices are pruned and merged at successively higher levels. The
resulting hierarchical index consists of high-resolution leaf-level index nodes that become

increasingly less precise (i.e., lower resolution) as the hierarchy is built.

2.2.4 Knowledge base creation

Knowledge base formation is the second metalevel organizational process. For each
concept in each matrix in the hierarchy, co-occurring concepts are ranked, resulting in

a one-to-many mapping where each concept is associated with a list of related concepts

11
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Figure 2.2 Hierarchy build

ranked by similarity. More general concepts are given a smaller weight, resulting in a
lower similarity. Co-occurring concepts are ranked in decreasing order of similarity, with
the result that more general concepts occur lower in the list of co-occurring concepts.
Each concept pair (concept to ranked concept) is weighted, creating asymmetric measures
of pairwise similarity between concepts [24, 25]. The knowledge base can be visualized
as a graph, illustrated in Fig. 2.3, where vertices represent concepts and edges represent

the pairwise similarity between two concepts.

Figure 2.3 Knowledge base

12



2.2.5 Semantic locality detection

The resulting weight assignments from knowledge base creation are context-sensitive,
and are used to determine regions of semantic locality (i.e., conceptual density) within
each node of the hierarchy. During this phase focussed clusters of concepts within each
knowledge base are detected. The result is a hierarchy of knowledge bases composed of
regions of high-density clusters of concepts — subtopic regions, if you will. In simple terms,
these regions consist of clusters of concepts commonly used together that collectively
create a knowledge neighborhood. Regions of semantic locality are illustrated in Figure 2.4;
each region is bounded by a dotted line.

Chapter 3 describes sLoc, the algorithm we designed and implemented to find regions

of semantic locality. The resulting set of regions is called a knowledge neighborhood.

Figure 2.4 Regions of semantic locality in a knowledge base

2.2.6 Hierarchy mapping

The final process is to create a mapping of the information space by developing link-
ages between the clusters identified during semantic locality detection. These mappings
provide the necessary links, or paths, between information areas at the higher level of
the hierarchy and the lower levels of the hierarchy. Map linkages are based on computed

density and probability of query match at each node level. This process defines relation-

13



ships between nodes, so that nodes are “aware” of the lower child nodes, which they were
merged from, and of the higher parent node they were used to create. Upon completion
of this phase, each node contains information needed to determine its relative position
as a knowledge area in the knowledge hierarchy. Figure 2.5 depicts conceptually the

operation of such a model.

2.3 HDDI Applications in Information Retrieval

HDDI, its concepts and inner algorithms can be used for a variety of applications
including, but not limited to, query search, hot topic detection, and targeted marketing

analysis.

2.3.1 Query search and retrieval

Using the hierarchy mapping described in Section 2.2.6, and mapping a query onto
a node of the HDDI, we can implement a query search engine. The very issues of query
search using HDDI represent a whole piece of research yet to be investigated. The basic
idea is to map a query onto one or more HDDI nodes and to use the information in the
HDDI to find the relevant items. However, other kinds of search can be implemented
using HDDI. The information contained in each knowledge neighborhood can be used for
term suggestion, for example.

In terms of precision and recall, the main advantage of HDDI over traditional search
engines comes from its hierarchical nature. Indeed, by leveraging the fact that the reso-
lution of the indexes become lower as the position of the node is higher in the tree, we
get a versatile search engine able to adapt to queries of any resolution. Depending on
the level of interaction desired between the application and the user, the HDDI search
engine can either automatically adapt to the various levels of resolution in the query or
give some feedback to the user (e.g., letting the user know if the query is too general or

too precise to return meaningful results).

14
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Figure 2.5 Query mapping process

2.3.2 Detection of emerging conceptual contents

Detecting emerging conceptual contents in textual collections is a growing concern of

major companies who want to keep up with technology.

The idea here is to build HDDI nodes from time-stamped collections. For example,

one HDDI node built from 1998 articles, and the other from 1999 articles. The basic idea

then is to compare these two HDDI nodes in order to identify the concepts that emerged

between 1998 and 1999.

We assume that there are two important features that an emerging concept should

have. The first one is that, in order for a noun phrase to be an emerging concept, it
should be semantically richer at one time than it was before. The second assumption is

that an emerging concept should occur more frequently, since more and more documents

15



will reference it. The semantic richness of a noun phrase can be approximated by the
number of other noun phrases that are in the same region of semantic locality.

We further assume that, to be an emerging concept, the number of occurrences of a
particular noun phrase should exhibit an accelerating occurrence in a large corpus. Also,
the number of occurrences cannot be too high; otherwise, it might be a redundant noun
phrase.

Combining all these assumptions, we conclude that if we have a statistically significant
sample of documents, by using these two indexes (size of cluster, occurrences) we will be

able to identify emerging concepts.

2.3.3 Targeted marketing analysis

A targeted marketing analysis study is being carried out at NCSA, using the HDDI
technology to predict which web pages or content will be of interest to a particular user.
This can be used in many applications: for human-computer interaction to display a
personalized set of links that fit the user’s profile, for advertisement, for optimization of
the back-end resources (servers and network loads can be balanced when we know the
groups of pages that are systematically visited together).

The implementation uses server logs over a certain period termed the critical period.
These logs are used as input collections for HDDI, as shown Figure 2.6; an HDDI node
is built and a knowledge neighborhood is determined for the server. At the same time,
one HDDI node is built for each user, using the information known about the particular
user. Each of these user HDDI nodes has a knowledge neighborhood that can be mapped
to the knowledge neighborhood of the server.

One particular application of this is market basket analysis. An HDDI node can be
built to represent all the products a given user has purchased. The knowledge neighbor-
hood may then identify dairy products as a region of semantic locality. On the server
side, dairy products may be included with bread and pastries in one single region of

the knowledge neighborhood. Mapping the two regions one to the other can lead to the
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Figure 2.6 Sample mapping from user space to Web pages space

conclusion that, this user being a dairy products consumer, the store may look at him as

a potential client for pastries and bread.
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CHAPTER 3

SEMANTIC LOCALITY
INDENTIFICATION

In order to build and search an HDDI, we want to identify the regions of semantic
locality in the knowledge base at each node.

This chapter describes sLoc, the algorithm we designed and implemented to find
regions of semantic locality. In other words, the purpose of sLoc is to derive the knowledge
neighborhood (set of regions of semantic locality) from a knowledge base.

Remember that a knowledge base is created at each level of the hierarchy. A knowl-
edge base is a graph representing the concepts (noun phrases) in the HDDI node linked
with arcs of which the weights represent the similarities between concepts. The result-
ing weight assignments from knowledge base creation are context-sensitive, and are used
to determine regions of semantic locality (i.e., conceptual density) within each node of
the hierarchy. During this phase focussed clusters of concepts within each knowledge
base are detected. The result is a hierarchy of knowledge bases composed of regions of
high-density clusters of concepts — subtopic regions, if you will. In simple terms, these
regions consist of clusters of concepts commonly used together that collectively create a
knowledge neighborhood.

The motivation for the use of semantic locality comes from the commonly used premise
that grouping similar concepts leads to increased effectiveness and efficiency in particular
in query search and retrieval (see Sparck Jones [9]). Also, in the perspective of the HDDI

hierarchy, semantic locality enables tracking of similar topics across the hierarchy.
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I will first give a brief overview of how people have been addressing information
clustering traditionally; then I will explain the algorithm and define a set of measures to

assess its performance. Finally, I will illustrate its use with sample cases.

3.1 Previous Work

In this section I will review the traditional clustering methods used in information
retrieval, their purpose, advantages and drawbacks. I will then present other algorithms
used in graph partitioning and see why these were not applicable for the particular case
sLoc addresses. We might want to note here that classification and clustering do not
usually refer to the same thing. Classification tends to consider classes that are either
given or computed at the beginning, and tries to classify new objects into these existing
classes. Clustering is generally thought of as a dynamic process that creates and modifies
the classes with respect to the objects it wants to classify. Clustering and classification

will however be used synonymously in this thesis.

3.1.1 The use of clustering in information retrieval

In information retrieval the two most used classification schemes are: term classifi-
cation and document classification. Notice that Sparck Jones’s keyword classification[9],
or HDDI's concept classification refer to the same idea: clustering terms rather than

documents. Following Salton’s description in [7]:

Term classification is designed to group terms into (synonym) classes in the hope of

producing greater matching capacities between queries and document terms.

Document classification groups documents together to improve recall, but also to

increase the response time of the retrieval system.

The two classifications are not independent because the terms assigned to the docu-
ments must necessarily form the basis for the classes produced by a document grouping

procedure.
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Term classification groups related low-frequency terms into common thesaurus classes
(clusters, or regions of semantic locality). The terms included in a common class can
then be substituted for each other in retrieval, and the recall output produced may be
improved that way.

Document classifications make it possible to restrict the searches to the most inter-

esting document classes only, thereby providing high-precision output [7].

3.1.1.1 The cluster hypothesis

Any sort of clustering in information retrieval (document, or keyword clustering)
is based on the assumption that closely associated documents (respectively keywords,
or concepts in the HDDI terminology) tend to be relevant to the same request. Van

Rijsbergen [3] refers to this assumption as the cluster hypothesis.

3.1.1.2 Criteria of a good clustering

The first property we expect from a clustering method is that it provides a set of
clusters that actually fit the constraints and requirements of our application semantics.
However, the method needs additional properties in order to scale to any kind of input

set. Jardine and Sibson [26] stated the major requirements of a good clustering method:

(1) The classification should be defined such that a given result is obtained for any
given body of data.

(2) The classification should be independent of scale because a multiplication by a
constant of the property values identifying the objects should not affect the classi-

fication.

(3) Small errors in the description of the objects must not lead to big changes in the

clustering.

(4) The method must be independent of the initial ordering of the objects.
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(5) Objects exhibiting strong similarities should not be split by being assigned to sep-

arate classes.

We argue that although true in the 1960s, these requirements may have to be reviewed
in the context of the 1990s where the amount of data increases on a daily basis. The fact
that the amount of data increases every day invalidates the need for the classification
to be independent of scale; we rather want the classification to adapt to the scale, that
is to create new classes or delete some to work best with the actual size of the current
collection.

At the same time, another essential criterion in the assessment of a clustering method
is the efficiency achieved by the algorithm. As stated in Section 2.1.2.4, efficiency is
usually measured in terms of the computer resources used such as memory and storage
requirements and CPU time.

Over the past 40 years, various methods have been used to achieve good efficiency and
effectiveness. In 1979, Van Rijsbergen identified two major approaches [3] to information

clustering, they are still good starting points for research in IR today:

(1) The clustering is based on a measure of similarity between the objects to be clus-

tered.

(2) The cluster method proceeds directly from the object descriptions.

3.1.1.3 First approach: Methods based on similarities

Different considerations come into play when designing and assessing a clustering
system for information retrieval. For example, one may want to strive for efficiency of
the clustering process by defining the best split as the one produced at least cost in terms
of memory size used, running time or number of operations used.

One may also wish to optimize some classification criterion, such as the cohesiveness
between clusters, or the strength of the association between items included in a single

class, or the corresponding weakness between items in different classes [7], [9]. Quoting
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(7], let us consider class A of items, and let B represent the items not in A. A class may
then be defined as the set A which minimizes the cohesion function

C_ 51243

=__"4ab 3.1
Saa X Sap ( )

where S;; denotes the similarity between items ¢ and j.
Sap can be defined as the average of all the pairwise similarities for the N, terms in

A and the Np terms in B; that is

Sap = NAlNB Z Z Sij (3.2)
i€A jeEB

Other parameters can also characterize a classification process. Besides cost and
cohesion, the resulting clusters can be forced to have a given structure. One common
approach is to use the similarity measures between objects to cluster the graph. Let us
consider a set of objects we want to cluster. We first compute numerical values of each
pair of objects indicating their similarity. Notice that this similarity measure is usually
symmetric (similarity from a to b is the same as similarity from b to a). However HDDI
is based on asymmetric similarities [24].

We then chose a threshold value; two objects are considered linked if their similarity
value is greater than this threshold. Clusters are defined as graphical patterns (e.g.,
stars, strings). For instance, we can consider a set of nodes to be a cluster if they form a
string. Alternative patterns can be stars (each object is connected to one central object),
or maximal complete subgraph, also known as clique (each node is connected to every
other node). Yet another type is clumps where the similarity of each object with the
collection of other objects in the cluster exceeds a given threshold. These class types are
represented graphically in Figure 3.1 taken from Salton [7].

Every definition leads to different semantics given to the resulting set of clusters. An
important parameter here is the threshold used to decide whether two objects will or will

not be connected. Varying the value of this threshold leads to clusterings of different
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Figure 3.1 Typical class types: (a) string; (b) star; (¢) clique; (d) clump

resolutions, i.e., clusterings where the size of a cluster including a given object will vary
with the threshold value. A hierarchy can thus be created. The most important of these
hierarchic methods is single-link [3].

Tables 3.1-3.4 show how, from the similarity matrix (3.1), connections can be es-
tablished for different threshold values (0.7, 0.8 and 0.9)*. Each threshold corresponds
to a different graph, and thus to a different set of clusters; the three resulting sets in
the example are shown Figure 3.2. This figure exemplifies the issue of the value to be
given to the threshold. One can set the threshold to the value that will fit application
constraints the best, but the choice can also be made to let it take a set of values and
build a hierarchy of clusters of the same underlying set of objects. This hierarchy is
termed a dendrogram, and the method is called single-link. See Salton [7] for details

about the single-link method. The single-link approach is based on clustering the same

!This example is adapted from van Rijsbergen’s [3], but here we use similarities instead of dissimi-
larities to more closely model the HDDI approach.
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unique model with various levels of thresholding. In contrast, in HDDI multiple models

are clustered and used to build the hierarchy of HDDI nodes.

Table 3.1 Similarity matrix
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1 2 3 4 5
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Table 3.4 Binary matrix: threshold .7
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Figure 3.2 Resulting clusters for each value of the threshold
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3.1.1.4 Second approach: Using object descriptions directly

Using the combination of class types, cohesion functions and dendrograms can then
lead to good theoretical clustering. However, due to limited computing power, efficiency
has been a major goal in the definition of the algorithmically defined cluster methods
used in IR, in particular in document clustering. For this reason, many methods have
preferred to proceed directly from object description to final classification without the
expensive intermediate calculation of a similarity measure. The basic idea here is to
perform a cheap density test to identify potential cluster centers and then cluster around
these selected items [17]. Another characteristic of these methods is that they do not
seek an underlying structure in the data but attempt to impose a suitable structure on
it.?

In this section, following van Rijsbergen, I will give an overview of these methods.
I will not describe in detail the heuristic algorithms here since they mainly apply to
document clustering, but I want to outline the major ideas because they can still be
applied to concepts clustering.

The most important concept is that of cluster representative. It is simply an object
that summarizes and represents the contents of a cluster. The ideal cluster representative
should be near every object in the cluster in some average sense; hence, the alternative
name centroid for cluster representative. The similarity of the objects to the representa-
tive is measured by a matching function. The algorithms also use a number of empirically

determined parameters, such as [3]
(1) the number of clusters desired;
(2) a minimum and maximum size for each cluster;

(3) a threshold value on the matching function, below which an object will not be

included in a cluster;

(4) the control of overlap between clusters;

2We will see in Section 3.3 how sLoc, through macrometrics can take a similar standpoint.
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(5) an arbitrarily chosen objective function which is optimized.
Following are the main three stages from [3]

(1) Select a number of objects as cluster centers. The remaining objects are then as-
signed to the centers or to a special cluster for outliers. From the initial assignment
the cluster representatives are computed and all objects are assigned to the clusters

once again. The final clusters might overlap.

(2) Iteratively change the clusters to allow the various input parameters to be adjusted
so that the resulting classification meets the prior specification of the parameters

more closely.

(3) Unassigned objects are forcibly assigned, and overlap between clusters is reduced.

A good example of this kind of algorithm is Rocchio’s [17] clustering algorithm.

3.1.2 Existing algorithms in graph partitioning

In our effort to find an algorithm for clustering knowledge bases, we also wanted
to consider alternative approaches to classical IR clustering algorithms. In one sense,
clustering a knowledge base can be cast as a graph partitioning problem; we therefore
looked at the different problems that current graph partitioning techniques can help to
solve, and evaluated the use of these techniques in HDDI.

Graph partitioning is an NP-hard problem® with numerous applications. It appears
in various forms in parallel computing, sparse matrix reordering, circuit placement and
other important disciplines. Several advanced software solutions are available from the
internet. The most well-known are Chaco [27] and Metis [28].

Traditional graph partitioning algorithms compute a k-way partitioning of a graph
such that the number of edges that are cut by the partitioning is minimized and each

partition has an equal number of vertices. The task of minimizing the edge-cut can be

3NP stands for nondeterministic polynomial time.
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considered as the objective and the requirement that the partitions be of the same size
can be considered as the constraint.

Much of the current research in graph partitioning finds its application in parallel
computing and load balancing. Therefore, the focus is mostly on getting a fixed number
of clusters (that may correspond to the number of processors for example) and an equal
number of vertices, in a nonoriented graph.

Another area of research where clustering is extensively used is image processing.
The image processing research community has developed several linear or near linear
algorithms for texture segmentation. While these algorithms have some disadvantages
relative to clustering, they may allow significant improvements in visualizing some very
large spatial data sets, such as detailed atmospheric data or SAR images [29].

Natural language processing, information systems modeling, program specification,
information retrieval, machine learning and case-based reasoning sometimes use yet an-
other kind of clustering method based on conceptual structures. Conceptual structures
are a kind of knowledge representation developed by John Sowa in [30]. They are a
graphical notation for typed first-order logic. Using these conceptual structures Mineau
and Godin designed a conceptual clustering algorithm for knowledge bases [31].

In graph drawing disciplines the issue of visualizing large and complex graphs has also
been addressed through clustering strategies. In [32] Sablowski and Frick demonstrate
a new approach to clustering large graphs. They identify successive structural elements
(patterns) in the graph. About the simplest pattern occurring in a graph are leaves, i.e.,
nodes with in-degree 1 and out-degree 0. Other patterns they use include paths (nodes
with in-degree = out-degree = 1), triangles and similar simple structures.

Hinrich Schiitze uses clustering for context-group dscrimination and disambiguation
in computational linguistics [33]. In this study, similarity in word space is based on

second order co-occurrence. Quoting Schiitze:

Words, contexts and clusters are represented in a high-dimensional real-valued
vector space. Context vectors capture the information present in second-

order co-occurrence. Instead of forming a context representation from the
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words that the ambiguous word directly occurs with in a particular context
(first-order co-occurrence), we form the context representation from the words
that these words in turn co-occur with in the training corpus. Second-order
co-occurrence information is less sparse and more robust than first-order in-

formation.

This tells us that, depending on the context, allowing some transitivity in the similarity
relation can improve the results of clustering based on similarity measures.

In data mining applications, Han, Karypis and Kumar [34] propose a clustering
method based on hypergraphs that is expected to handle large input data sets better
than the traditional k-means [35] or Autoclass [36]. The idea of the hypergraph model is
to map the relationship of the original data in high dimensional space into a hypergraph.
The hypergraph model is therefore based on the concept of a hyperedge. Quoting Kumar
et al. [34]:

A hyperedge represents a relationship (affinity) among subsets of data and the
weight of the hyperedge reflects the strength of this affinity. A hypergraph
partitioning algorithm is used to find a partitioning of the vertices such that
the corresponding data items in each partition are highly related and the

weight of the hyperedges cut by the partitioning is minimized.

This study used a number of partitions that was set a priori, and a different measure of
similarity, which do not fit our requirements for sLoc. However [34] does introduce fitness
and connectivity measures, which are akin to metrics used in sLoc (see Section 3.2.4.8 for
a detailed comparison of these approaches).

In the final analysis we determined that none of the available algorithms were suitable
for our application. Thus, the decision was made to base development on an existing

linear graph partitioning algorithm that could be readily adapted to our needs [37].
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3.1.3 Test collections

In the following chapters we will use various test collections to illustrate or validate

our approach. Let me introduce them briefly here.

e Patterns 300 is a collection of 300 postings to a discussion list about computer

software systems.

e MED, CISI and ADI are three collections of respectively 1033, 112 and 82 ab-
stracts. MED is a sample from MEDLINE, the National Library of Medicine’s
database of references to articles published in biomedical journals. The CISI and

ADI collections both contain information science documents.

e The Grainger collection contains 60 000 abstracts from the Grainger Engineering

Library at University of Illinois.

3.2 The Semantic Locality Finder: sLoc

In this section we discuss the details of the algorithm, system design and implemen-
tation of the Semantic Locality Finder (sLoc).
The function of sLoc is to identify regions of semantic locality. For now, we can

qualitatively characterize a region of semantic locality as follows:

e Concepts inside a region of semantic locality are similar to each other.

e Concepts belonging to different regions of semantic locality are dissimilar.

Similarity between concepts is defined quantitatively in [24, 25]. It is a mapping from
one concept to another that quantitatively determines how similar they are semantically.
We term the resultant mapping a knowledge base.* A knowledge base is represented as
an asymmetric directed graph in which nodes are concepts and arc weights are similarity

measures. Determining regions of semantic locality in such a graph involves clustering

“Note that follow-on work by Chen (of [24]) terms this a concept space.
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or splitting the input knowledge base into a set of subtopic regions - smaller knowledge
bases, if you will. These subtopic regions are regions of semantic locality or conceptual
density. The number of concepts in each region of semantic locality may vary and the
total number of regions is determined dynamically by sLoc. sLoc processes a knowledge
base and outputs a knowledge neighborhood that consists of multiple regions of semantic

locality.

3.2.1 Contextual transitivity in sLoc

The similarity relation is by definition not transitive. The theoretical basis for sLoc is
the concept of what I call contertual transitivity in the similarity relation. In essence, this
means that depending on the context (structure and distribution of the similarities in the
knowledge base), a threshold is decided upon and transitivity is constrained accordingly.
Contextual transitivity extends Schiitze’s conceptualization of second order co-occurrence
[33] by using n-order co-occurrence, where n varies with the underlying semantic structure
of the model.

In order to group concepts together in a region of semantic locality, sLoc uses con-
textual transitivity. Here is a simple example. Let us consider the three concepts Java,
applet and e-commerce. If the concepts occur in the same document, they are called
co-occurring concepts. Let us assume that Java and applet co-occur and that Java and
e-commerce also co-occur. This means that there is at least one document that contains
both Java and applet, and that there is at least one document that contains both Java
and e-commerce, but applet and e-commerce do not co-occur necessarily. However it
may be natural to gather the three concepts in one unique class and extrapolate that
e-commerce and applet are actually related. That is what contextual transitivity means.

Note that similarity is not a Boolean variable, it can take a whole range of values.
Two concepts can thus be more or less similar. In sLoc considerations on the knowledge
base structure lead to a heuristic minimum similarity value for two concepts to be in the

same cluster, and therefore to constrain transitivity. It is called contertual because this
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Figure 3.3 Strongly connected regions of a graph

minimum similarity value depends on the structure and distribution of the similarities in

the knowledge base.

3.2.2 Design

The core of sLoc is based on an algorithm due to Tarjan [37, 38]. Tarjan’s algorithm
uses a variant of depth-first search to determine the strongly connected components of a
directed graph. This was the first algorithm to solve the problem in a linear time. This is
an important feature due to the fact that graph clustering is a NP-hard problem and the
only heuristics we are aware of are not linear. The theory can be found in [38]. Figure 3.3
shows how Tarjan’s algorithm identifies strongly connected regions (Ry, Ry, R3), in a

simple graph.

3.2.2.1 Notation

Before tackling the algorithm itself we must first introduce the following notation:

e Let NV be the set of nodes 7 in the input graph, and let N be the total number of

nodes.

e Let A be the set of arcs in the input graph, A the total number of arcs. An arc

a;; € A goes from node 7 to node j.
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e Let W be the set of arcs weights in the graph, w; ; is the weight of the arc going

from node 7 to node j.

Therefore W = {w; j} @ jjen2. A knowledge base is an asymmetric graph therefore w; ;
may differ from w;;. Moreover, if a; ; ¢ A then w; ; = 0; in particular, for all 4, w;; = 0.

Now, let M be the mean of the arc weights:

1
M:Z Z wi,j

(i,§)EN?

We call SD the standard deviation of the distribution of arc weights:

1
SD = A1 Z (wij — M)?

3.2.2.2 The algorithm, step by step

Figure 3.4 depicts the three steps of the sLoc process. These steps are outlined in the
following sections on the algorithm and its applications.

The first step in sLoc is to statistically “prune” the input graph before applying
Tarjan’s algorithm. Arcs of weight smaller than a certain threshold value 7 are virtually
pruned. This pruning and the process described in Figure 3.2, page 25, are very much
alike. The difference here is that similarities are asymmetric; that is, there can be
potentially two arcs between nodes in a given pair. Therefore, the arc from concept a to
concept b can be pruned while the arc back from b to a remains.

The second step involves the actual identification of the clusters within the graph.
Tarjan’s algorithm is applied to find strongly connected regions. At this stage each
strongly connected region is a cluster. The size of a given cluster is the number of nodes
(concepts) it contains.

During the third step, clusters of size smaller than parameter s are discarded (they
are assumed to be outliers). We interpret the remaining clusters as regions of semantic

locality in the knowledge base.
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Figure 3.4 The sLoc process

The greater 7, the more arcs are cut off, and therefore the smaller in size the strongly
connected regions. Thus the greater 7 the smaller in size and the more focused will be
the regions of semantic locality.

Two questions have arisen in the course of our work: (1) Given an input knowledge
base, what threshold 7 should be applied? (2) Is the usability of a given clustering
dependent on the application?

Let us tackle the first question on how to determine the value of 7 yielding an optimum
clustering. Our premise is that the optimum 7 can be determined statistically as a
function of the mean M, the standard deviation SD and other knowledge base dependent

variables (e.g., size, maximum weight, etc.).
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For leaf-level collections in the HDDI, i.e., for those collections for which the knowl-
edge base is directly computed from the co-occurrence frequencies in the collections, we

use

7(a) = Max(W) — a x SD (3.3)

In the equation above, 7 is the cut-off weight used to prune the graph and « is a number of
standard deviations. Thus, 7(3) is the threshold corresponding to the maximum weight
in the graph minus half of the standard deviation of the distribution of arc weights.
Section 3.3 summarizes our results for a range of values of the parameter .. Figure 3.5
shows the distribution of arc weights at a leaf-level HDDI node, for the MED collection.

However, as we consider higher level nodes in the HDDI, the underlying distribution
of weights changes to approximate more closely a normal distribution (see Figure 3.6).

For the interior nodes, we use

T(a) =M +2SD —a x SD (3.4)

I did not factor SD in the equation above in order to emphasize that the maximum
value 7 can take is M +2S D, the value below which 97.5% of a normal distribution occurs.
It makes more sense to use this value here, rather than Max(W), because Max(W) does
not make much statistical sense when the distribution of W is normal.

At this point in time we are still investigating answers to the second question posed
above. Apparently, there is no ready-made definition. Our intuition tells us that the
quality of a given clustering is related to the application: in other words, the application
will likely play a key role in determining whether a given clustering is appropriate or
not. If so, a given input knowledge base will have many optima, each one suited to
a particular application (e.g., search engine, detection of emerging conceptual content,

targeted marketing, etc.).
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3.2.3 Implementation

The core of the implementation of sLoc is Tarjan’s algorithm. The following sections

will give its complexity and pseudo-code.

3.2.3.1 Complexity

Tarjan’s algorithm [37, 38| uses a variant of depth-first search to determine the
strongly connected components of a directed graph. This was the first algorithm to solve
the problem in a linear time. More specifically, Tarjan’s algorithm has a complexity of
O(Max(N, E)) where N is the number of nodes and E the number of edges.

The first step in sLoc involves computing M and S D, the mean and standard deviation
of the distribution of the weights; this operation is still linear. Table 3.5 shows our results
with 10 randomly picked sample collections out of the Grainger Abstracts Database
(60 000 abstracts). The size of the collection was randomly determined and the actual
documents included in the collection were randomly picked. Figure 3.7 plots the running
time versus Max (N, F'), and it looks linear as expected. Table 3.6 shows the results of the
regression analysis for this plot; all three methods (multiple R, R square and adjusted R
square) lead to values that are very close to one. Therefore, both approaches corroborate

the theoretical linear complexity of the algorithm.

3.2.3.2 Pseudo-code

The pseudo-code for Tarjan’s algorithm, the “core” of sLoc, is given in Figure 3.8. It

essentially calls the function search() recursively.

3.2.3.3 Platforms

I actually coded three different implementations of sLoc. The first one in Java is
designed to read the input knowledge base from files and output the set of clusters and

measures into files as well. The second is also coded in Java, but it uses data structures
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Table 3.5 Running times for different input sets and o = 1.5

Sample | Number of Number of Number | Running
number || documents | nodes (concepts) | of arcs | Time (s)
0 49865 227151 5062672 7.55
1 36091 198813 4441346 7.52
2 3544 35947 779811 1.89
3 9522 82794 1815573 3.90
4 15498 118927 2623671 4.86
5 47671 223951 5004694 7.75
6 52154 231907 5183729 8.33
7 2750 29606 649800 1.72
8 36418 200305 4466191 7.62
9 40901 210952 4720938 7.64
Table 3.6 Regression statistics
Method Value
Multiple R 0.993016017
R Square 0.98608081
Adjusted R Square | 0.984340911
Standard Error 0.321181934
Observations 10
9
8 i
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Figure 3.7 Running time versus Max (N, E) for sLoc
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void search(n) {
visited(n) = true;
dfn(n) = df_count;
link(n) = df_count;
df _count++;
push(n) ;

for every n’ in succ(n) do {
if not (visited(n’))
then {
search(n’);
link(n) = min(link(n),dfn(n’));
}
else { /* visited(n’) */
/* n’ is in the same strongly connected
component as an ancestor of n */
link(n) = min(link(n),dfn(n’));
}
}// end for

if (link(n)=dfn(n)) then {

/* n is the root of a strongly connected component
whose nodes are the topmost elements of STACK, up
to and including n. These elements are output and
popped off the stack */

r++;

write("Strongly connected component number:",r);

repeat {
x = top_of_stack();
popQ);
write(x);

} until (x==n)

}
} // end search

void main(){
df _count = 1 ;
r =0 ;
for every node (n) do {visited(n) =false}
while there is a node (n) such that not(visited(n))
do {search(n);}

Figure 3.8 Pseudo-code for Tarjan’s algorithm
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allowing it to be integrated in the Java implementation of HDDI. Both Java versions
were coded using JDK 1.2 because of the library it provides to work with collections.
Java is a very powerful tool for rapid prototyping, although large memory require-
ments are not supported by the Java virtual machine because it can handle only 32-bit
addressing on the machines employed in our experiments. In order to have a version of
sLoc that we can use for experiments with large collection sizes, I also wrote a C*t on

the SGI Origin2000, using the Polaris library [39].

3.2.4 Clustering measures

In order to find the optimum where the threshold 7 leads to satisfactory regions of
semantic locality, we introduce some measures on the resulting knowledge neighborhood.

We distinguish between what we call “micrometrics” assessing the interior structure
of the clustered graph and “macrometrics” assessing the knowledge neighborhood quality
based on measures that are independent of its internal structure.

Macrometrics will not take into account the underlying graph structure. We can draw
a parallel between these measures and the input parameters used in the second approach
to clustering described in Section 3.1.1. The main macrometrics are the number of
clusters, the size of the clusters, and the coverage; they will be described later in this
chapter.

Micrometrics give some feedback about the internal structure of the clustered graph;
they measure the similarity of concepts in a cluster, and the dissimilarity of concepts in
different clusters. However, these measures are very expensive computationally.

Moreover, the quality of these micrometrics is very dependent on the graph structure.
In order to avoid a getting a huge set of measures, one for each cluster for example, we
want to use a “reduced” measure for each micrometric. The reduced measure represents
the distribution of a given metric across the whole knowledge neighborhood. However,
the less homogeneous the underlying graph, the less these measures make sense, because

one average cannot represent the complexity of a heterogeneous distribution.
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In defining the micrometrics, we take an approach similar to that of Sparck Jones
9] and compute measures similar to those of Section 3.1.1.3. The intercluster and
intracluster densities for a given knowledge base are computed over all clusters remaining
after the completion of phase 3 (see Figure 3.4).

Let us call Cp,C5y...C,, the n clusters of nodes found by sLoc. Notice that, math-
ematically, (C1,Cs...C,) is not a partition of A: we must add all the clusters of size
smaller than s to get a real partition of N. (Cy,Cs...C,) only covers part of the input
knowledge base, the clusters of size smaller than s, rather than being forced into a larger
cluster are simply discarded. Traditional clustering methods such as Rocchio’s [17] try
to force the outliers into existing clusters. In HDDI we want to leverage our knowledge
of outliers and allow sLoc to play a role in “trimming” the knowledge base. Therefore,
all the concepts in clusters of size smaller than s will be ignored for any further use at

the leaf level of the hierarchy.

3.2.4.1 Coverage

At the end of the process depicted in Figure 3.4 clusters of size smaller than s are
discarded. For large values of 7 (respectively, small values of «) the number of nodes
discarded can be fairly high. In other words, the ratio of the number of nodes in clusters
of size greater than s to the total number of nodes present in the knowledge base originally
is fairly low for large values of 7. We call the this later ratio the coverage c¢ in the HDDI
terminology. The coverage c is the percentage of the knowledge base actually represented

in the regions of semantic locality sLoc outputs.

= Zke[l,n} ch

= (3.5)

For example, a coverage of .9 means that 90% of the nodes in the input knowledge base
will actually appear in a cluster of the knowledge neighborhood. The larger ¢ the larger

the number of concepts that will be retrievable through the knowledge neighborhood.
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3.2.4.2 Number of clusters

The number of clusters n at the end of phase 3 (see Figure 3.4, page 34) is a good
experimental indicator of distribution of clusters. We will see in Section 3.3 how the
quality of the clustering relates to the number of clusters. Notice that n not only depends
on the threshold 7, but it is also determined by the minimum cluster size s that we impose.
As for the other measures, the way s is set must reflect the application needs. For some

applications, or some input sets s = 2 might be too small.

3.2.4.3 Cluster size

The distribution of cluster sizes is characteristic of the clustering too. Section 3.3

gives an interpretation of how this distribution changes with the threshold 7.

3.2.4.4 Intracluster densities

The intracluster density p(Cy) of a given cluster Cj, can be easily computed from the

mean M¢, and standard deviation SD¢, of the weights of arcs inside cluster Cj.

Me,

3.6
1+ SDg, (3.6)

p(Cy) =

Let us call N¢, the number of nodes in cluster C}. An alternative formula for intra-

cluster density is

PO = F NC Z wi; (3.7)

k 7.7 GC1k'

Formula (3.6) will assign a greater intracluster density to clusters of homogeneously
high weight. Formula (3.7) was designed to take care of situations described in Figure 3.9.
In the case presented, using formula (3.6) we would get p(A) > p(B); to put it simply,
formula (3.6) favors homogeneity over connectivity. Therefore we introduced formula
(3.7) for cases when connectivity fits more closely to the application needs. It is very

important to notice that in Equation (3.7) the denominator N¢, x (N¢, — 1) corresponds
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Figure 3.9 Homogeneous vs. tightly connected clusters

to the maximum number of arcs a cluster of N¢, nodes can have (that is 2 x (Ngk) ). This
makes the assumption that the best clusters have to be fully connected (cliques). We will
see the limitations of this assumption in the section dedicated to metrics evaluation (see

Section 3.3, page 48).

3.2.4.5 Intracluster density reduction measure

For a given value of the threshold 7, sLoc outputs a set of clusters C1,Cs...C),
and their respective intracluster densities p(Cy), p(Cs) ... p(Cy). In order to compare the
clusterings performed for each value of 7 we need a reduction measure that will summarize
the distribution of intracluster densities in one single figure. Therefore, we define p, the

reduced intracluster density for a given value of 7, with the following formula:

1
cX N

Z Ne¢, x p(Ck) (3.8)

ke€[1,n]

10:

In the formula above, from formula (3.5) we know that ¢ x N is the total number
of nodes that belong to a cluster of size larger that s. Thus, the reduction measure p
is simply a weighted average of the intracluster densities where the weight assigned to
a cluster is proportional to its size N¢,. The use of this particular reduction measure
can be justified by the fact that, assuming all the concepts have the same probability of
being searched for, the probability of returning a given cluster as a response to a query

is proportional to the number of nodes this cluster contains.
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3.2.4.6 Intercluster density

In order to compute the intercluster density P, let Ajner C A be the subset of A
such that

Ainter = {ai,j € A | (XS Cpaj € anp 7£ Q}

The set A;p, contains all the arcs going from one cluster to another. What we call A;,ze,

is the number of elements in A;,;.,. Then M;,;., and SD;,;., are

Minter = A E Wi, j
inter

1
SDinter = \/ﬁ Z (wi; — Minter)?

inter
(2] EAinter

A first definition for the intercluster density P is

Minter
p= e 3.9
(1 + SDinter) ( )

An alternative definition can be

1
P=————— Yy (3.10)

nx(n—1) i
As with (3.6) and (3.7), (3.9) and (3.10) differ by the patterns they emphasize in
the clustering. Formula (3.9) will assign a greater intercluster density when the arcs in
Ainter are of similar weight, whereas (3.10) will emphasize the connectivity pattern of the
clustering.
Here, notice the denominator in Equation 3.10, n x (n — 1), where n is the number of

clusters after the end of phase 3 in Figure 3.4, page 34; it can be viewed as an assumption
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made on the clustered graph structure. This measure makes much more sense if the set
of clusters are fully connected, that is, if there the weights w;; are distributed fairly

homogeneously between clusters pairs.

3.2.4.7 A possible definition of the optimum

The intracluster density measures the similarity of concepts within a cluster. As a
result, it is our premise that reduced intracluster density p should be maximum at the
optimum. At the same time, the intercluster density P measures how similar concepts
are across different clusters. Therefore, we want the intercluster density to be minimized
at this same optimum. At the same time, the closer the coverage c is to 100%, the larger
the number of concepts represented in the knowledge neighborhood. These three metrics
vary in completely different ranges; to make them comparable we have them all range
between zero and one by simply dividing them by the largest value they actually take
across the range of alpha. We then define standardized reduced intracluster density pg

and intercluster density Fy:

_ p(7)
M) = Marer () &1
Py(r) = Maxi(TT()P ) (3.12)

A satisfactory clustering will have a py close to 1, a Py close to 0, that is, (1 — Fp)
close to one, while the coverage has to be as close to 1 as possible too. Therefore, we

arrive at the empirical formula for the optimization function F:

F=(p+(1-F)xc (3.13)
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The optimum 7 makes F reach a maximum. The above formula aims at determining
the clustering that yields an optimum balance between coverage, intra- and intercluster
densities. Further experimental evidence is needed, however, on the impact on perfor-
mance in application environments to justify the use of such an optimum. Figure 2.5
depicts one such environment in which such experiments can be conducted.

This definition of a theoretical optimum does not intend to actually fit every real-world
application sLoc would be used for. It is rather intended to provide a theoretical baseline,
a reference to which other optima can be compared. For instance, the “optimum” clusters
may be too large to be properly managed by a dynamic query engine that matches a
query vector to one or more clusters. In addition, if concepts inside a given cluster are to
be used as suggestions for an interactive search refinement, clusters of size greater than
10 will not be very user-friendly.

The logical next step is thus to test the different criteria for clustering efficiency in real-
world applications. Figure 2.5 depicts the mapping of a query vector to a hierarchical
distributed dynamic index. As discussed in Section 2.2.6, mappings between regions
of semantic locality provide the necessary links, or paths, between subtopic regions at
higher and lower levels of the hierarchy. Chapter 4 will broach several issues related to
performing an actual query search on an HDDI, using gold standard collections from the

SMART project.

3.2.4.8 Comparison with hypergraph-based partitioning

In [34], Han, Karypis and Kumar use HMETIS, a multilevel hypergraph partitioning
algorithm to cluster large data sets. Their approach has caught our attention because
their purpose is very similar to ours, that is, to achieve scalable clustering.

Like most traditional graph partitioning algorithms, HMETIS requires the user to
enter the number of clusters before starting. The bad clusters are then eliminated using
a fitness function and a threshold. Let e be a set of vertices representing a hyperedge
and C' be a set of vertices representing a partition. The fitness function that measures

the goodness of the partition C' is defined as follows:
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2eco weight(e)

fitness(C) = g e

(3.14)

The fitness function measures the ratio of weights of edges that are within the partition
and weights of edges involving any vertex of this partition. The high fitness value suggests
that the partition has more weights for edges connecting vertices within the partition.
This measure actually incorporates both concepts of intra- and intercluster densities, or
at least the weight-part of them. The numerator of the fitness function in Equation (3.14)
is the sum of the weights (similarities) within a cluster; we find this same sum in sLoc’s
definition of the intracluster density function p(C). The denominator is concerned with
edge cuts, in this regard it is similar to sLoc’s intercluster density.

Kumar et al. also use another criterion to filter out vertices that are not highly
connected to the rest of the partition. The connectivity function of vertex v in C is
defined as follows:

_{ele S Cue )]

connectivity(C) = Tleccr (3.15)
ele C

The connectivity measures the percentage of edges that each vertex is associated
with. A high connectivity value suggests that the vertex has many edges connecting
good proportion of the vertices in the partition. Note that this measure assesses strictly
intracluster connectivity.

It is very interesting to notice how Kumar at al. merge inter- and intracluster densities
into one measure (fitness) whereas sLoc keeps them separate, and also how these sLoc
metrics merge and balance weights and connectivity inside intra- and intercluster density,
whereas Kumar et al. make a clear distinction between the two. Note that Kumar does

not address the issue of intercluster connectivity.
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Notice also that as intra- and intercluster densities, fitness and connectivity can be
called micro-metrics. They give relevant information about the clustered graph structure,

but they are very expensive to compute.

3.3 Experiments with Macro- and Micrometrics

A set of experiments on input knowledge bases of different sizes and content have been
conducted. The parameter o was used as the X-axis variable® to plot several measures
on the output knowledge neighborhood. We have noticed some general trends in the
experiments we have carried out. In this section, rather than trying to be general, we will
focus on particular examples for the reader to get a feel about what happens qualitatively
and quantitatively in the knowledge neighborhood as we tune «. Because we believe they
are more relevant to search and retrieval requirements, we picked the definitions of intra-
and intercluster densities that favored connectivity over homogeneity, that is, we use in
this section definitions (3.7), page 42, for intracluster density, and (3.10), page 44, for
intercluster density. These formulae favor clusters with a high degree of connectivity
(lots of arcs between concepts); our intuition is that connectivity is essential to semantic

locality.

3.3.1 General observations

First, one of the major advantages of sLoc is that the algorithm execution time is
linear in the maximum number of nodes/arcs in the input knowledge base Max(NV, A).
The algorithm is scalable in this regard.

The performance of sLoc is closely dependent on how the weights and arcs are assigned
when the input knowledge base is created. In kBase, the knowledge base creation algo-

rithm, the distribution of weights is not uniform: about half of the weights are equal to

5See Equation (3.3), page 35, for a definition of a.
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Figure 3.10 Distribution of arc weights at a leaf-level node (for Patterns 300)

the maximum weight for leaf-level HDDI nodes. The number of peaks in the distribution
significantly impacts the number of resulting partitions.

The example in Figure 3.10 shows the distribution of arc weights for an input knowl-
edge base created from 300 postings to a discussion list about computer software systems,
the Patterns 300 collection. This exemplifies a leaf-level node weight distribution; in the
next section I will take a closer look at the changes encountered when considering an
interior node.

The high peak on the right-hand side of Figure 3.10 represents the number of arcs of
weight close to Max(W). Actually, all these arcs have a weight strictly equal to Max(WV).
The rest of the graph is not uniform (e.g., some other peaks can be seen). We noticed
that the number and location of these peaks in the graph determined different stages in
the plot in Figure 3.11, which represents the total number of clusters versus the value
of « at the end of the process in Figure 3.4, phase (2). Notice that at the end of phase
(2) clusters of size smaller than s have not yet been discarded. When the threshold 7(«)
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Figure 3.11 Clusters at the end of phase (2) vs. «

increases beyond one of the peaks of Figure 3.10, many arcs are cut and some clusters
are broken into smaller ones. Note that the threshold 7(«) increases as a decreases. In
other words, in Figure 3.11 the pruning becomes less aggressive as « increases.

Figure 3.12 shows the actual number of clusters in the knowledge neighborhood at the
end of the whole process, that is, after clusters of size smaller than s have been pruned
out. To properly understand these results, an explanation of the process employed in
computing the resulting knowledge neighborhood is required.

First, sLoc computes partitions of the graph for several values of «, and a minimum
weight s = 2. A value of alpha o = .25, for example, means all arcs of weight smaller than
MaX(W)—STD will be pruned from the graph in phase (1) of Figure 3.4. In particular, for
a = 0 all arcs in the graph are cut and every node is a cluster of size one. This is the
most aggressive thresholding. The minimum weight s below which a cluster is considered
an outlier is two. Thus no clusters are found for & = 0. As « increases, multiple clusters

of size one get connected and form clusters of size greater than one. This number of
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Figure 3.12 Number of clusters vs. «

clusters reaches a maximum for o = 1.25 and then decreases.

interpreted qualitatively as the point where

This maximum can be

e isolated nodes can no longer join together to form larger clusters and

e clusters of size greater than one start merging into larger clusters.

As « continues to increase, the number of clusters decreases and a few clusters grow

very large.

3.3.2 The use of micrometrics

Micrometrics give some feedback about the internal structure of the clustered graph,

they measure how similar concepts are in a cluster, and how dissimilar concepts in dif-

ferent clusters are.

Reduced intracluster density for the Patterns 300 collection is represented in Fig-

ure 3.13. The drop in intracluster density around o = 1.7 is due to the formation of

large clusters, the aggregation of smaller clusters. These larger clusters are therefore

made of a set of tightly connected clusters which are loosely connected together. This

loose connection inside the large clusters causes their intracluster density to be very low.
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Figure 3.13 Intracluster densities for Patterns 300

Since the reduced intracluster density emphacizes more the intracluster density of large
clusters, this reduced measure reflects faithfully the drop of the intracluster density of
the newly formed large clusters.

Intercluster density, Figure 3.14, also reflects the formation of larger clusters. Even
though the sum of the arc weights between clusters decreases when small clusters gather
into one large entity, the intercluster density may increase. This is due to the drop in
the total number of clusters (used in the denominator of the definition for intercluster
density, Equation 3.10, page 3.10). When « increases from 1.6 to 1.8, the number of
intercluster arcs decreases, due to the agglomeration of smaller clusters into larger ones.
Therefore the sum of the intercluster similarities decreases as well. However, at the same
time, the total number of clusters drops (see Figure 3.12, page 51). The denominator in
Equation 3.10, page 44, is proportional to the total number of clusters squared; therefore,
it drops very fast, actually faster than the sum of the intercluster similarities increases.
Therefore intercluster density increases.

These two micrometrics give consistent results for interior nodes also. The way knowl-
edge bases in interior nodes are computed is still the subject of extensive research, al-
though as a first cut, we build higher level nodes by pruning out concepts based on their

item frequencies, that is, the number of documents that contain the particular noun
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Figure 3.14 Intercluster densities for Patterns 300

phrase. We make the simple assumption here that relatively good discriminators are low
item-frequency concepts and, equivalently, that relatively poor discriminators are high
item-frequency concepts.

Figures 3.15 and 3.16 show reduced intra- and intercluster density for an interior node
made from the Patterns 300 collection. In this example, I pruned out all the noun phrases
that appeared in 10 or fewer documents. Notice that the definition of 7 here is different
than in the leaf-level case, we had to take into account the various kinds of distributions
(normal distribution for interior nodes, see Figure 3.17). See Equation 3.4, page 35 for

the definition of 7 in the case of an interior node.

3.3.3 The use of macrometrics

The use of macrometrics is less expensive and may approximate the results given by
micrometrics. Basically, the main cause of drop in intracluster densities is due to the
formation of large clusters by aggregation of smaller ones. This same process can be
observed using macrometrics such as the number of clusters or the distribution of cluster

sizes.
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Figure 3.15 Reduced intracluster density for an interior HDDI node (from Pat-
terns 300)

We note that the simple optimization function F’, where intra- and intercluster den-
sities are replaced by the number of clusters, may be an alternative to the optimizing

function F (based on micrometrics), and F’ is cheaper in terms of complexity:

FF=nxc¢ (3.16)

3.3.4 Results for the optimization function F

Figure 3.18 shows how the optimum function varies for different values of « for a
leaf-level HDDI node. In all the experiments we conducted, the curve has about the
same shape, always exhibiting a maximum for a value of a ranging between 1.25 and 2.

For small values of a, py + (1 — Fp) is fairly large and is maximum when alpha is
just above zero. Small clusters (size of 2 or 3) are more prone to be fully connected with
arcs of maximum similarity than they would be for larger values of « (see Figure 3.19,
page 57). Indeed, when « is just above zero, the only arcs that are not pruned out
have a weight of Max(W), this makes the intracluster densities very large. At the same
time, intercluster densities are fairly low. This can be explained by the way weights

are assigned; it is fairly uncommon to see w;; = Max(W) and w;; < Max(W) at the

o4



180000

160000 4

140000
120000
100000

80000 4

Intercluster density

GO000

e e

20000 4

i}
0 0.24 0.5 0.75 1 1.25 14 174 2 2125 248

Alpha

Figure 3.16 Intercluster density for an interior HDDI node (from Patterns 300)

same time. However, the coverage c is very low in this first part, that is, a relatively
small proportion of the knowledge base is represented in the knowledge neighborhood.
The coverage is therefore used as a filter when it multiplies py + (1 — Fy) to balance the
impact of pg and P, on the optimization function F.

In Figure 3.20, one can notice that ¢ has a logarithmic shape, reaching 85% for a = .6,
its filtering action on py + (1 — Py) then lessens, so that intra- and intercluster densities
really lead the way F varies.

For large values of «, that is, when the thresholding is not aggressive, some clusters
start merging into a couple of very large ones. These very large clusters have very
poor intracluster density because they are far from fully connected. At the same time
the intercluster density is increasing. This is due in particular to two factors. First, the
number of clusters is fairly low, and therefore in formula (3.10) the sum of the arc weights
between clusters is not balanced by the denominator. Second, when w; ; is low, chances
are higher that node j is not connected at all to node ¢, which increases the probability
of this arc being an intercluster arc.

It is very interesting to see that the definition of F still works for interior HDDI
nodes, despite the different structure and weight distribution of their knowledge bases.

In Figure 3.21, page 58, F even exhibits a clearer peak than for leaf-level nodes.
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Figure 3.17 Weight distribution for an interior HDDI node (from Patterns 300)

3.4 Summary and Conclusion

In order to build an HDDI, we need to cluster the knowledge base graph of each HDDI
node. After a thorough study of existing IR clustering techniques, we decided to design
our own algorithm to cluster HDDI knowledge bases: sLoc. This algorithm meets the
requirements of HDDI in terms of complexity; it is linear and therefore allows dynamic
identification of regions of semantic locality.

In order to assess the quality of the clustering we designed micro- and macrometrics.
We arrived at an optimization function F which uses a subset of these metrics to define
a desirable clustering. Finally, we provided the reader with experiments and their in-
terpretation to give a qualitative understanding of how these metrics and optimization
function work.

Now, we need to assess these theoretical measures in a real-life application environ-
ment in order to validate our approach. Therefore, in Chapter 4 we test sLoc for a query

search and retrieval application, using gold standard collections.
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CHAPTER 4

VALIDATION AND GOLD
STANDARDS

In information retrieval, evaluation is often considered the most troublesome area
of research. In order to validate our approach we looked at a proved method, using

well-known gold standards.

4.1 The SMART Project and Gold Standards

SMART [20, 8] is originally an implementation of the vector-space model of infor-
mation retrieval Salton suggested in the 1960s. The documentation coming with the

software package outlines two main purposes for SMART:

e The primary goal of SMART is to provide a framework for information retrieval
research. It provides standard versions of indexing, retrieval, and evaluation algo-

rithms.

e A secondary goal is to have an actual small scale information retrieval system
available to users. “Small scale” is loosely defined; people on the SMART project

report having worked with was about 300 Mbytes of netnews.

The SMART system uses natural language queries, but also provides queries in Boolean
syntax and just as a set of keywords.

We looked at the SMART project for two major reasons. First it is a project of
reference in the field of IR. Second, it provides gold standard collections that come with a

set of queries and the relevant set of documents for each query. A gold standard collection
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is composed of a set of documents, a set of queries and the relevant documents associated
with these queries. These collections are called gold standards because they include the
collections, queries and proper responses chosen by domain experts. In addition, many
such gold standard collections have been used by various research projects, thus making

comparison between various techniques possible.

4.2 Building an HDDI from SMART Collections

In our effort to validate sLoc using SMART collections, we learned a lot, not only
about HDDI, but also about the SMART gold standard queries and the assumptions
they make implicitly.

The validation process has served as a ground-breaking step too, because, as expected,
a query search and retrieval mechanism would not work without building at least a simple
HDDI. We thus had to investigate new issues such as hierarchy building and search
strategies.

Therefore this chapter is also intended to give the reader a feel about the issues in
building an HDDI using hands-on experiments with ADI; MED and CISI, three SMART

gold standard collections.

4.2.1 Study of the gold standard SMART queries

The three collections — ADI, CISI and MED — come with a set of queries and for each
query the set of relevant items. Because we want to achieve high precision and recall, we
investigated the structure of these queries.

At this point let us introduce the term “item frequency.” The item frequency of a
concept is the number of items (documents) it occurs in, regardless of how many times
it actually occurs in each item. Let us characterize the queries for each collection in
terms of the distribution of their item frequencies. More specifically, let us, for each
collection, compare the item frequency distribution in the queries with the item frequency

distribution across the documents.
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In order to keep it simple and general I used only three different bins. The first one
gathers all the terms of item frequency 1, the next gathers the terms of item frequency
ranging between 2 and 20 and the last between 21 and the maximum item frequency. I
chose 20 arbitrarily; it turns out to be a convenient median of the distribution in some

cases, but I could as well have chosen some other figure here.

4.2.1.1 ADI: Collection and queries

ADI is the smallest collection of the three; it is only made of 82 documents. Figure 4.1
shows that 87.1% of the queries are terms that occur in 1 to 20 documents. Of these, only
three query terms (9.68%) occur in only one document of the collection. Now Figure 4.2
represents the item frequency distribution of all the terms in the collection (not only
those of the queries). Terms of item frequency 1 represent 69.25% of all the terms in the
documents.

Two important conclusions have to be stated here. First, the queries given in SMART
do not reflect the item frequency distribution in the collection; queries are mostly made
of terms of item frequency greater than one. This makes the assumption that users search
using relatively poor discriminators (terms occurring in many documents). Second, given
the query item frequency distribution Figure 4.1, in order for HDDI to match these
queries and get good precision and recall, it must be able to match both the queries’
item frequency distribution at one or more levels, and it must match the document set

item frequency distribution at the leaf level.

4.2.1.2 CISI and MED: Collection and queries

The same remarks apply here, too. CISI is a larger collection (913 documents), but
the same patterns as in ADI emerge in query item frequency distribution and document
set item frequency distribution. In Figures 4.3 and 4.4, note that while 46% of the terms
in the document set appear in one document only — 146 of them, that is, only 4.3% of

the 3367 terms — are represented in the queries.
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Note also that while terms of item frequency greater than 20 represent only 16.3%
of the CISI collection, they make 55.2% of the query terms. This additional imbalance
corroborates our claim that queries for the three gold standard collections are mostly
made out of relatively poor discriminators.

The distributions in MED are very close to those in CISI. Therefore the same con-

clusions apply (see Figures 4.5 and 4.6).

4.2.1.3 Conclusions

In the previous sections, the three SMART gold standard collections have been stud-
ied. Now, let me state clearly these major conclusions, which will be our guidelines in

building the HDDIs:

(1) Query sets in our gold standard collections and document sets have different dis-
tributions. While the document set is half made of relatively good discriminators
(e.g., of item frequency 1), SMART queries assume the user searches using relatively

poor discriminators.

(2) To perform the query search and retrieval, queries and documents are mapped
onto the knowledge neighborhoods. In order to ensure maximum precision and
recall, these knowledge neighborhoods must match both query and document set
distributions. This motivates the need for a hierarchy of knowledge neighborhoods

of decreasing resolution.

4.2.2 Study of the leaf-level HDDI nodes

Because an HDDI is built from the bottom up, our first focus is the leaf level, that is,
the HDDI node directly made from the actual text collections. In order to stick to the
SMART model we used their concept extraction algorithm; the concepts in the HDDI we
built are then (single-word) terms rather than noun phrases, because SMART, as most

of the traditional IR systems, uses (single-word) terms as keywords.
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In order to understand what is going on when the clustering is performed, we need to
analyze the item frequency distribution in the SMART collections. Figures 4.2, 4.4 and
4.6 show the proportion of terms of item frequency 1, compared to other item frequencies.
This basically means that in all three collections more than 45% of the terms occur in
only one document across the whole collection.

These terms of item frequency 1 will be identified as good discriminators by kBase,
the algorithm that creates the knowledge base in an HDDI node — good because they
discriminate clearly between documents in the input set.

A poor discriminator is a term that can be found in a large percentage of the entire
collection. The algorithm kBase assigns high weights to arcs connecting pairs of a good
discriminators.

When sLoc identifies the regions of semantic locality, it filters out relatively poor
discriminators and forms clusters of good discriminators. Now, what happens when more
than 45% of the terms have an item frequency of 17 The meaning of such an unbalanced
distribution is that 45% of the terms are excellent discriminators. Consequently, sLoc
builds a knowledge neighborhood formed of terms of item frequency 1 for the most part,
filtering out almost all the terms of greater item frequency. Table 4.1 shows the percentage
of terms of item frequency 1 in the knowledge neighborhoods built by sLoc for each of
the three SMART collections. The rest of the terms in the knowledge neighborhood have
an item frequency close to 1.

The bottom line of the study at the HDDI leaf level is that the knowledge neighbor-
hoods contain only excellent discriminators. This of course is dependent on the algorithm
used to compute the similarities in the knowledge base, kBase, but it is our observation
that all the indexing algorithms use some sort of band-pass filter effect to focus only
on a certain quality of discriminators. Therefore, changing kBase for another algorithm
would not change the need for a hierarchy. As we saw earlier, the queries proposed by
SMART use very few high quality discriminators; therefore, we see the need for a higher

level in the hierarchy, an interior node with a lower resolution. In other words, we need
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Table 4.1 Terms of item frequency 1 in the knowledge neighborhoods at a leaf node

Collection | Percentage of terms of
Item Frequency 1

ADI 91.00
CISI 85.10
MED 86.20

to build a hierarchy in order to match the varying precision of the queries. The next

section studies interior HDDI nodes built from ADI, CIST and MED.

4.2.3 Study of interior HDDI nodes

An interior HDDI node is loosely defined as a node made from combination and
pruning of lower level HDDI nodes. It is of lower resolution than the child-nodes it is
made from.

In order to achieve lower resolution, one simple method is to select the higher item
frequency terms of the leaf-level nodes to make a higher level (interior) node. In the
present experiment we actually use only one leaf-level node to make a higher level node,
whereas in the final version of HDDI, multiple distributed leaf-nodes will be combined
into higher level nodes. We prune out all the terms of item frequency smaller than or
equal to a certain threshold in the collection. We then run kBase and sLoc on the pruned
collection and get the corresponding interior node and its knowledge neighborhood.

We arbitrarily chose 20 as a threshold for MED and CISI. ADI, however, only contains
82 documents, so pruning terms of item frequency 20 was too aggressive, and we only

pruned out terms of item frequency 1.

4.2.3.1 CISI: Collection and queries

Figure 4.7 shows the item frequency distribution in the knowledge neighborhood for

an interior node made from the CISI collection. It differs greatly from the kind of
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Figure 4.7 Interior node item frequency distribution for CISI

distribution we get for leaf-level HDDI nodes, where about 90% of the concepts in a
node have item frequency 1. Here of course no term in the knowledge neighborhood can
have an item frequency lower than the threshold; that is, all the terms in the knowledge
neighborhood occur in 21 or more documents in the collection. Moreover, the item
frequencies represented in the knowledge neighborhood cover a wide range of values.
The best discriminators (lowest item frequency terms) are more numerous, but very poor

discriminators can also be found.

4.2.3.2 MED: Collection and queries

Figure 4.8 shows the item frequency distribution in the knowledge neighborhood for
an interior node made from the MED collection. The distribution is similar to that of
CISI in many respects. This is another example for which this simple approach, in which
hierarchy building is based on item frequencies, seems to work. Theoretically, matching
queries against these kinds of knowledge neighborhoods can lead to good precision and

recall. Multiple levels may be needed, however, because terms of item frequency smaller
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Figure 4.8 Interior node item frequency distribution for MED

than 20 are not represented here; if such terms are part of the query, only knowledge

neighborhoods with less aggressive pruning will match these terms.

4.2.3.3 ADI: Collection and queries

ADI is a good example of when this simple approach does not lead to interesting
results. Indeed, the terms of item frequency 1 as we saw in Figure 4.2 page 62, represent,
almost 70% of the collection. Figure 4.10 is a finer breakdown of the item frequency
distribution in the document set. Terms of item frequency 2 represent another 15% of
the collection. Therefore when we prune out terms of item frequency 1 (see Figure 4.9,
page 70), terms of item frequency 2 represent roughly half of the new distribution and

we get a knowledge neighborhood of almost only terms of item frequency 2.

4.2.4 Study of a sample hierarchy

Based on the analysis above, we know that different levels of the hierarchy actually

represent different resolutions from the standpoint of query search and retrieval. The
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Table 4.2 Average percentage of a query matching at least one level of the HDDI

SMART | Number of | Average number of Average percentage of
Collection queries query terms per query | matching query terms per query
ADI 35 6.1 82.8%
CISI 112 29.3 91.2%
MED 30 10 90.6%

higher the level in the hierarchy the lower the resolution. We claim that these different
levels can be used to match the various levels of resolution within a single query.

In order to validate this claim, we built the 20 first levels of the hierarchy, that is,
for a threshold value ranging from 0 (leaf-level node) to 19, we pruned out terms of
item frequency smaller than the threshold and computed the corresponding knowledge
neighborhood. Then, for each query we looked up the number of query terms that
actually matched some cluster at some level of the hierarchy. Query terms that are less
precise matched the higher levels, while higher precision terms matched lower levels. For
each of the three collections, Table 4.2 shows the average percentage of terms in a query
that matched at some level of the hierarchy. The results of Table 4.2 lend credence to the
hierarchical approach; the table shows that using a simple HDDI with 20 levels! suffices
to match 90% of a given SMART query for the MED and CISI collections. The match
with ADI is slightly less because ADI is smaller in size. It may be that the approach

consisting of pruning based on item frequencies is too coarse here.

4.3 Query Search and Retrieval Strategies

So far we have seen how different levels in the hierarchy are built and what their
characteristics are. Now the question is: What strategy for query search and retrieval

will best leverage this hierarchy?

!Note that the number of levels is bounded only by the maximum item frequency; we chose 20
arbitrarily.
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The initial idea in HDDI is to find the “root node” where the query first matches a
knowledge neighborhood and then, using a probabilistic mapping between HDDI nodes
(i.e., between knowledge neighborhoods of different levels), going deeper into the HDDI
tree down to the leaf-nodes, then retrieving the relevant items from the leaf nodes. This
process is illustrated in Figure 2.5, page 15.

The first issue here is how to effectively map one level with another. Our original idea
is to build a probability matrix M where M(, j) represents the similarity between the
region of semantic locality ¢ of the higher level node and the region of semantic locality j
of the lower level node. This similarity measure between two regions of semantic locality
is based on the cosine measure of similarity filtered by the topology of the knowledge
neighborhood [40].

This intuitive definition of similarity between regions of semantic locality is not always
successful in mapping one level of the hierarchy to another. In particular from the leaf
node to the first interior node, we saw (see Table 4.1, page 67) that the knowledge
neighborhoods at leaf-level nodes were almost entirely made of terms of item frequency 1.
Those same terms cannot be present in interior nodes if the hierarchy build is based on
item-frequency pruning.

In order to mitigate this effect, we conducted our experiments with a different defini-
tion of the leaf-node: only terms of item frequency 1 or above are considered when the
knowledge base and neighborhood are computed. That is, we “skip” the first level of the
hierarchy. This can be justified by the similar approach latent semantic indexing (LSI)
takes in [18]: only terms occurring in two documents or more are represented in the term

to document matrix.

4.3.1 Mixed transversal and vertical search strategy

Figure 4.11 represents the first search heuristic we tried. Basically, for a given query
we look up the matching clusters at each level of the HDDI. In our experiments we
considered that a cluster actually matches a query when their probability of overlap was

greater than 10%.
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Then, we find the root node, the highest node in the hierarchy in which at least one
region of semantic locality matches the query. We then use the recursive algorithm in
Figure 4.12 to search the whole HDDI tree from top down. At each level of the HDDI
we determine the clusters that will lead to the most relevant documents. Such clusters
are clusters that match the query and that have a nonzero overlap probability with the
cluster considered at the upper level. If such clusters cannot be found then we explore
all the clusters that have a nonzero overlap probability with the cluster considered at the
upper level. Eventually, zero, one or more documents are returned with an associated
measure corresponding to the product of the probabilities of overlap between the clusters
visited on the way from the root node down to the collection. This measure gives an idea
of how relevant a document is with respect to the query used.

In this experiment, we did not tune all the parameters to get the best precision and
recall. However, we now have a good understanding of the pros and cons of this method.

One interesting aspect of this method is that it actually takes advantage of the extensive
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foreach cluster in (clusters that match the query at the root node) {
doMatch(cluster, root_node - 1, 1) ;
}
doMatch (upperLevelCluster, level, probability){
if (level>0){
foreach cluster (cluster that match the query at
this level of the HDDI){
p=probability of overlap between upperLevelCluster and cluster;
if (p>0) doMatch(cluster,level-1,probability*p);

if (no cluster matches the query at this level
OR all the probabilities of overlap p are zero){
foreach ¢ (nonzero probability of overlap p between
upperLevelCluster and cluster c at this level){
doMatch(c,level-1,p);

b

else { // level = 0 (collection)
print each document which probability of overlap with
upperLevelCluster is nonzero.

Figure 4.12 Algorithm for the mixed transversal /vertical search strategy

overlap between the hierarchy of knowledge neighborhoods and the query set. We saw

(Table 4.2, page 71) that a given query will match at many levels of the HDDI.

4.3.2 Conclusion

This chapter showed a real-life application of sL.oc and HDDI. Through the use of

SMART gold standard collections ADI, MED and CISI we had the opportunity to analyze

the typical distributions of concepts in standard text collections and standard query

sets. The interpretation of these distributions corroborates the need for a hierarchical

classification of knowledge.
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We built HDDIs for ADI, MED and CISI and verified that on average more than 80%
of the query terms in a query mapped to one or more level of the HDDI. These results
(see Table 4.2, page 71) lend credence to the hierarchical approach. Using a simple HDDI
with 20 levels suffices to match 90% of a given SMART query for the MED and CISI
gold standard collections and 80% for ADI.

Finally, we designed a simple search strategy to map SMART queries onto an HDDI.

This first-pass strategy helped us identify some of the key factors of a good retrieval
strategy using HDDI.
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CHAPTER 5

CONCLUSIONS AND FUTURE
WORK

The HDDI project started less than a year ago now. A lot has already been achieved,
but the project is still in its infancy. The main purpose of this thesis was to give an
overview of the tools, measures and issues related to sLoc and HDDI.

This thesis summarized my work on the HDDI project. My main focus has been
sLoc, the algorithm we use in HDDI to identify the regions of semantic locality, but
I also brought my contribution to the conception of the HDDI architecture. In this
chapter, I will identify our key discoveries with sLoc and HDDI and give guidelines for

future work.

5.1 Regions of Semantic Locality and sLoc

In order to build an HDDI, we need to cluster the knowledge base graph of each HDDI
node. After a thorough study of existing IR clustering techniques, we decided to design
our own algorithm to cluster HDDI knowledge bases based on contextual transitivity:
sLoc. This algorithm meets the requirements of HDDI in terms of complexity; it is linear
and therefore allows dynamic identification of regions of semantic locality.

Note that other IR techniques may also use an approach akin to contextual transitiv-
ity. In particular, latent semantic indexing (LSI) is based on a similar principle [18]. In
LSI, the term-to-document matrix is modified using a truncated singular value decom-

position (SVD). The truncated SVD creates a new space of lower dimension. The use of
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this new space enables the discovery of hidden relationships between concepts. Quoting

Susan Dumais [18]:

The approach is to take advantage of implicit higher-order structure in the as-
sociation of terms with documents (“semantic structure”) in order to improve

the detection of relevant documents on the basis of terms found in queries.

We have the intuition that what Dumais refers to as taking advantage of “implicit higher-
order structure in the association of terms with documents” is actually akin to using some
sort of contextual transitivity to discover “latent” relationships between terms. Further
mathematical research is needed to determine how LSI and contextual transitivity are
related.

In order to assess the quality of the clustering, we designed micro- and macrometrics.
We arrived at an optimization function F which uses a subset of these metrics to define
a desirable clustering. We provided the reader with experiments and their interpretation
to give a qualitative understanding of how these metrics and optimization function work.

In Chapter 4, we saw how, using sLoc, we could get a knowledge neighborhood at each
level of the HDDI. Using the first 20 levels of the HDDI, the corresponding knowledge
neighborhoods identified by sLoc successfully matched about 90% of the terms of standard
queries for MED, CISI and ADI.

Now, open issues are still to be addressed in sLoc. More specifically, some parameters
in sLoc have been set empirically, and research can be done to determine more accurately
how they can influence the results.

For example, s, the minimum number of concepts for a region of semantic locality to
be valid, has been set to two. That is, we made the assumption that the final application
of sLoc and HDDI values regions of semantic locality even if they contain only two
concepts. Depending on the context and on the particular application, s may have to
take a larger value.

Another issue is how to evaluate the performance of F, the optimization function

used in sLoc to determine how aggressive the thresholding must be. This performance
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definitely depends on the type of application. In the case of query search and retrieval,
we got good results in terms of coverage (about 90% of the terms of standard queries for
MED, CISI and ADI), but using our mixed transversal and vertical search strategy, one
issue that arose was the presence of large regions of semantic locality. The bottom line
is that tuning of the optimization function F has to be done as part of the whole query
strategy. That is why we focused on defining metrics and explaining how to make use of
them, rather than spending time tuning F.

Yet another issue with sLoc is how it will scale to cases where multiple repositories are
combined into one single knowledge base. In other words, how will sLoc behave when we
will start to build the hierarchy out of multiple repositories? Here as well the performance
of sLoc is completely left up to the designer of the hierarchy build algorithm. Using the
various metrics we introduced, F will be tuned. Experiments have to be carried out for
each application in order to determine what feature of sLoc is most important; it may
be coverage, sometimes intracluster density, and sometimes only intercluster density may
matter. We see sLoc as a highly flexible tool, fast and versatile; now only the application

designer will know how to get the best out of it.

5.2 Hierarchical Classification of Knowledge and HDDI

Our basic premise in HDDI is that, to effectively process information in a dynamic
and scalable way, we need to organize it according to a hierarchical classification.

The validation experiments carried out in Chapter 4 confirmed the need for building a
hierarchy of HDDI nodes. The first reason is to not only overcome, but also leverage the
band-pass effect of most indexing algorithms that will narrow down the resolution of an
index to a given quality of discriminators. Second, building a hierarchical classification
of knowledge is a significant aid in conceptual search; well-known search engines such as
Yahoo! do use a hierarchical classification to match the way people would intuitively go

about searching information. Third, queries, by nature, are not organized according to a
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hierarchical structure; they have their own internal structure and we need to match this
structure in order to achieve maximum precision and recall.

We designed and implemented a first-pass search and retrieval strategy using HDDI.
We learned a lot from the results. On the one hand, the strategy works well for the cases
when regions of semantic locality at adjacent levels overlap well and relevant documents
are identified. On the other hand, we noticed two main issues. First, the retrieval path
from the root node to the collection is sometimes discontinuous. That is, a region of
semantic locality at one level of the HDDI does not overlap with any region of semantic
locality at the HDDI node right below. Second, large clusters in some HDDI nodes can
lead to significant loss in precision.

Alternatives can be found to improve the performance of our search and retrieval

system. We can take any of the following courses:

e Modify our strategy, that is, modify the way the retrieval paths through the HDDI

are determined;

e Tune the parameters in sLoc to get different knowledge neighborhoods. We have
been using the optimization function F (see Equation (3.13), page 45) to determine
the threshold 7 used in sLoc; other values of 7 would lead to other types of clustering

and eventually to other relevance judgments.

e Change the way the hierarchy is built, using another pruning approach based on

properties other than item frequency.

e Use a different approach to computing similarities between regions of semantic

locality using, for example, co-occurrence matrices.

e Change the way kBase computes the arc weights to avoid homogeneous knowledge

neighborhoods with respect to item frequency.

With respect to implementation, HDDI will eventually distributed across different

systems. New issues will arise when addressing this implementation, such as naming,
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synchronization and all the traditional issues of distributed computing. We are aware of
them, and although not tackled in this thesis, they are part of our constraints in designing
the system framework.

As explained in Section 2.1.2, in designing an IR system there are some research
issues that have to be considered on the way. Although the HDDI architecture answers
some of these, other features of HDDI are left to be adapted to a particular application.
Specifically, in its present version the HDDI model does not explicitly define the way
queries would be entered. Another issue, as we saw, is the strategy used to map the
query onto the HDDI. Finally, besides precision and recall analysis, other indicators of

relevance might come into play.

5.3 Other Applications

In this thesis, I focused on the query search and retrieval application of HDDI, but
extensive research is being carried out at NCSA in detection of emerging conceptual con-
tents and targeted marketing analysis. Hopefully, the tools, measures and understanding
we obtained from the standpoint of query search and retrieval will benefit other appli-
cations as well. Finally, as we improve our understanding of the potential of HDDI, we

can expect new application ideas to emerge from our research efforts.
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