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Abstract

In the classical information retrieval (IR) problem, the system must find all docu-
ments in a collection that are related to a topic defined by a user’s query. A common
approach to the IR problem is to represent documents and the query as vectors of
term frequencies and rank the documents in the collection according to their inner
product similarity with respect to the query. When a sample of evaluated docu-
ments is available in addition to the query (often called routing), the problem can be
attacked using techniques based on statistical classification. In order for statistical
classification to be a feasible approach, the system must produce a relatively small
set of high quality feature variables. It turns out that individual words, due to their
quantity and ambiguity, are not optimal features. Previous work has focused on a
technique known as Latent Semantic Indexing (LSI), which applies the singular value
decomposition to a term-document matrix and represents terms and documents by
linear combinations of orthogonal indexing variables.

The research presented in this thesis accomplishes the following goals. It provides
a thorough discussion of evaluation in information retrieval experiments. It intro-
duces the concept of a local LSI decomposition. LSI is used separately on a set of
documents in the local region surrounding each query, creating query-specific feature
variables and making the LSI technique feasible for very large document collections.
It applies the classification technique known as Discriminant Analysis to the routing
problem and presents experimental results on two text collections. It demonstrates
that using a local LSI decomposition improves retrieval performance and represents
documents using a relatively small number of feature variables. It finds that Dis-
criminant Analysis sometimes leads to additional performance gains but that more

research is needed to determine the optimal size and shape of the local region.
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Chapter 1

An Introduction to Information

Retrieval

Information comes in many forms: news, financial data, scientific research, etc .

and represents one of the most important commodities in the modern world.
All major political, economic, and intellectual endeavors rely on the quick and easy
flow of information through a variety of media, such as books, radio, television, and
electronic networks. Modern computing and networking technology make it possible
to organize, store, and transport large bodies of data with minimal effort anywhere
in the world. Without question, we have moved into the information age.

With so much material so easily accessible, many organizations and individuals
have realized that the real issue is no longer getting enough information, but sorting
out what is useful to them from vast quantities of useless material. Information re-
trieval systems, computers and software designed to index, store, and provide easy
access to data, are rapidly developing to meet this need. As one of their most impor-
tant features, the systems provide search tools, algorithms which map an expression
of the user’s information need into a mathematical form which is then used to identify
relevant material in the database.

Developing accurate search methods requires solving several challenging problems
and will represent the core of the work in this thesis. While information can be

stored and transmitted in many forms, including speech, images, and video, it is
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CHAPTER 1. AN INTRODUCTION TO INFORMATION RETRIEVAL 2

written text that still predominates in most retrieval systems. In this work, we will

focus on developing new and better search methods for text-based systems.

1.1 The Information Access Spectrum

People approach document collections with a broad range of different information
needs. There is an entire spectrum of goals for information access ranging from
general to specific requests. Some examples of potential requests to a retrieval system,

moving from specific to general are:
1) Find the answer to this specific question.
2) Find the document with title A or all documents by author B.
3) Find all articles in the collection that refer to this topic.
4) Produce a summary of the contents of this collection on these topics.
5) Produce a summary of the contents of this collection.

All of these requests could be valid queries for a retrieval system, although most
fall outside the domain of classical information retrieval. A traditional definition for
information retrieval (IR) is [46]: “An information retrieval system informs [the user
of] . . . the existence and whereabouts of documents relating to his request. [It]
does not inform the user on the subject of his request.” Therefore, the information
retrieval task is best defined by question (3), and the remainder of this thesis will be
devoted to finding a reasonable solution to this type of request. In the years since
this definition was presented, however, researchers have broadened the field of IR to
address all of the questions given above and have applied a broad variety of statistical
tools to the process. While the work presented here will concentrate on the traditional
IR problem, approaches to the other questions will be briefly described below.

While question-answering systems, useful for (1) above, do not fall under the clas-
sical domain of IR, there has been some work on such systems in the field. Kupiec

[45] has developed a system for answering closed-class questions by doing a syntactic
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CHAPTER 1. AN INTRODUCTION TO INFORMATION RETRIEVAL 3

analysis of the query to identify noun phrases and then using pattern matching com-
bined with other IR techniques to find documents that may contain the answer. The
document collection used for this experiment is an on-line encyclopedia. Some of the
linguistic tools applied in this system, such as part-of-speech tagging, boolean search
with proximity constraints, and syntactic analysis, are often used in more general
information retrieval systems.

The task of database retrieval, described by question (2) above, requires a some-
what different approach. Database queries are assumed to be precise, and the task
of finding the relevant documents boils down to looking up the records which share
the attributes defined in the query. Much of the work on database retrieval in IR
is concerned with performance issues, since the retrieval task itself is well defined
and the problem comes in scaling it to the size of full-text collections. In contrast,
classical information retrieval (3) is a much more approximate science, since no sense
of exact match exists between documents and queries in the IR setting. The value of
a document is measured by its relevance to the query, which is often expressed in the
framework of a probabilistic model. Most retrieval strategies are designed to provide
approximate solutions and thus are not suitable for the database retrieval task. Work
has be done by Fuhr [27] on combining IR with database systems.

One approach to the task defined by question (4) is known as text categorization.
Assigning labels to documents from a group of predefined categories is a useful method
for organizing a large text collection. Searchers can use these labels or key words
to quickly focus their attention on the documents that relate to their questions.
Traditionally, labels have been produced manually, representing a huge investment in
time and effort. Hence, a system that automatically induces accurate category labels
would save a great deal of human labor. The techniques used for solving this problem
tend to come from machine learning and statistical classification, and many of them
will be helpful for solving the traditional retrieval problem. If one thinks of each query
as generating a distinct category topic, the information retrieval problem is strongly
related to text categorization. Several recent papers have presented approaches to
this problem. Lewis and Ringuette [49] examine models based on Bayesian estimation

of word parameters and decision trees. Apte et. al. [4] use rule induction methods to
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CHAPTER 1. AN INTRODUCTION TO INFORMATION RETRIEVAL 4

estimate category membership labels.

Cutting et. al. [18] describe the summarization task defined by question (5) as
browsing. One can use the analogy of a textbook. The traditional IR task corresponds
to looking up an item in the index, while browsing is more like scanning the table
of contents. The browser is not so much interested in finding something specific
as in learning about the contents of the collection. Of course a table of contents
does not exist for the typical document collection, so it must be constructed either
manually or automatically by the system. Therefore, the system requires a special
set of tools to produce an effective summarization of large numbers of documents. In
this context document summarization and presentation become important issues, as
the user must be able to easily understand the relationship between a large number
of documents. Cutting et. al. present a usetul approach to this problem. Documents
are grouped using cluster analysis, and a description of the contents of each document
cluster is presented to the user. The user then has the option to select a subset of
the clusters for further evaluation, and a new representation is built on this subset of

the collection.

1.2 Important Definitions in IR

Before proceeding further, it is important to define several significant terms that will
occur repeatedly in our discussion of the theory and implementation of IR systems.
A query is a text expression that describes the information need of the user. The
query is passed to the retrieval system, which uses this information to determine
which documents in its collection are relevant to the user’s request. A document is
the organizational unit of the information collection. The collection consists of a large
number of documents. A relevant document is one which contains information related
to the query.

Document collections can take on a number of different forms. Some examples

are given below:
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CHAPTER 1. AN INTRODUCTION TO INFORMATION RETRIEVAL 5

Collection Document
(1) Library books, magazines, etc . . .
(2) Journal articles
(3) Encylopedia entries
(4) Newsgroup  postings
(5) Newswire news stories

A document collection can be static, such as an encyclopedia, or it can be dynamic,
such as a newsgroup, with messages/documents appearing and disappearing over
time.

A natural language query can range from a simple phrase such as “information
superhighway” to a complete sentence such as: “Please find all references to cluster
analysis in the context of information retrieval.” to much longer passages that may
consist of several paragraphs or even several pages of text. It is a common strategy
in information retrieval to incorporate the text of full documents into the query [69].

An IR system matches the query against the collection and returns a set of docu-
ments to the user, often ranked in order of their estimated relevance. The number of
relevant documents retrieved provides an objective measure of system performance.
This measure is usually normalized in one of two different fashions. Precision is de-
fined as the number of relevant documents retrieved over the total number retrieved
and recall is defined as the number of relevant documents retrieved over the total
number relevant. Evaluation of system performance will be discussed in great detail

in chapter 5.

1.3 Forms of the Classical IR Problem

The task of the information retrieval system is to match the query against the docu-
ment collection and return relevant documents to the user. The success of the system
will depend significantly on the quality and quantity of the information associated
with the query. If a lot of data is available about what defines a relevant document,

then the system may be able to employ more advanced categorization techniques
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CHAPTER 1. AN INTRODUCTION TO INFORMATION RETRIEVAL 6

to the collection. For this reason, we divide the query-based IR problem into two
categories, adhoc search and routing [34].

In the adhoc search problem, the system must rely solely on the initial query
provided by the user. The system processes and matches the query against a known
static collection of documents and returns a subset of these documents to the user.
The problem is familiar from a number of settings. For example, a library user queries
an on-line catalog system to find references about a topic of interest.

The routing problem assumes that more information is available to the system.
In particular, there exists a set of documents that have already been classified as
relevant or not relevant which the system can use to supplement the initial query.
The system will then attempt to categorize unexamined documents to find a subset
which is likely to be relevant. The routing problem often occurs in the processing of
dynamic document collections. The user is assumed to have one or more standing
queries which define continuing areas of interest and each new document that enters
the system is matched against these queries. A simple example is a filter for a news
reader. The user might provide a short description of the topic of interest as well as a
sample of messages from the group which are about that topic. The system examines
incoming messages and directs the relevant ones to the user’s active folder.

The optimal response to a query would be for the system to find all the relevant
documents and return nothing that is not relevant. This will almost never happen in
practice, as the retrieval task can rarely be executed with such accuracy. However,
the more documents that are returned to the user, the larger the number of relevant
documents that will be found. But as the system considers documents that are less
and less likely to be relevant, the percentage of non-relevant documents found will
begin to increase. Therefore, it is clear that there is a trade-off between finding more
relevant documents (recall) and being forced to examine fewer non-relevant documents
(precision). The searcher must decide how many non-relevant documents he or she

is willing to examine in order to discover an additional relevant document.
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CHAPTER 1. AN INTRODUCTION TO INFORMATION RETRIEVAL 7

1.4 Nature of IR Data

For a retrieval system to operate effectively, there must be an algorithm that assesses
whether a document is relevant to a query. For a human reader, a grasp of the relevant
concept is a natural consequence of his or her inherent understanding of language.
The reader follows the underlying meaning conveyed by the words in a document
and can use that understanding to determine whether the document provides useful
information about the query. For a computer, this is a far more difficult task. There
is an ongoing debate in the artificial intelligence community as to whether computers
will ever be capable of truly understanding human language.

There has been a great deal of work in the linguistic community on automatic
language processing. This work has centered around the development of artificial
structures that encode the relationship between words in the text. The goal of much
of this work is to develop a system that by syntactic processing of the query can come
to a basic understanding of the semantic content of the query. Unfortunately, such an
understanding can rarely be reached from the text alone. Generally, the system must
understand the unwritten context of the request, which requires substantial exter-
nal knowledge of the domain being studied and may necessitate that a considerable
amount of information from other domains be available as well [67].

Needless to say, it is extremely difficult to incorporate this knowledge into an
information retrieval system. FEven if the knowledge is available, evaluating even
a simple query becomes a very time-consuming task. Therefore, natural language
processing systems tend to be limited to extremely restricted domains. Most modern
retrieval systems that are applied to text collections with a broad subject matter do
not rely heavily on linguistic methods.

If the system cannot understand the text that it is processing, how can it determine
if a query is related to a document? Part of the answer is to view the information
retrieval problem is in the context of database management. Database systems store
and retrieve records using a relatively small number of fixed attributes. Each record
is assigned values for some or all of these attributes. For example, a hospital might

store all of its records using a small number of attributes, such as patient name,
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CHAPTER 1. AN INTRODUCTION TO INFORMATION RETRIEVAL 8

social security number, illness or condition, attending doctor, etc . . . If one or more
of these attributes is selected, the database system will return all records with the
specified value of the attribute.

A basic information retrieval system can be designed in a similar fashion using
words as attributes. Given a query, the IR system could retrieve all documents which
have terms in common with the query. This is probably an inadequate model for
long queries and it ignores higher-level linguistic structure, but it might work quite
well for short one or two term requests. The database description of IR assumes
that a document and a query are similar if they have some attribute (in this case
one or more words) in common. We can generalize this prescription by claiming
that the more terms the document and query have in common, the more likely it
is that the document is related to the query. This leads to a mathematical model
of document and term similarity and allows us to consider document retrieval as a

statistical problem.

1.5 IR as a Statistical Problem

We can describe the general statistical classification problem as follows. Assume that
there exists a population which can be divided into two or more groups. Each element
of the population is described by a number of features. For some of the elements,
their group membership is known; for some, it is unknown. The goal is to produce
a classification rule which will accurately predict group membership information for
those elements for which it is unknown. The classification rule will be generated by
using the structure in the features.

It is easy to see how this formulation relates to the standard information retrieval
problems. Documents are the elements of the population. For any particular query,
there are two category labels, relevant and not relevant. Word frequencies can be used
as features to characterise each document. We then wish to predict which documents
are relevant as accurately as possible. While information retrieval fits quite easily
into the framework of the classification problem, it has a number of unique features

which make it a particularly challenging problem. They are outlined below.
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CHAPTER 1. AN INTRODUCTION TO INFORMATION RETRIEVAL 9

While it seems like a natural and obvious choice to use terms as descriptive fea-
ture for a classification algorithm, this has a number of major drawbacks. The typical
document collection has thousands to hundreds of thousands of unique words asso-
ciated with it. It is extremely difficult to use all of this information to produce a
general model of the relevant document. Furthermore, most terms occur in only a
small fraction of the documents in the collection, so the utility of individual terms
is limited. There is a vast amount of redundancy in language, which means that
groups of terms or phrases exist which have basically the same meaning. There is
also a lot of ambiguity in language, since the same word can often take on many
different meanings depending on its context. All of these factors combine to limit the
usefulness of terms in a classification algorithm.

The typical document collection contains a very large number of documents, often
on a wide variety of subjects, so the scale of the problem alone is daunting. In addition,
only a small fraction of documents will be relevant to any particular query, so it is
often a real challenge to find a significant sample of relevant documents. The class of
non-relevant documents is not really a class at all, since it consists of everything that
is not related to the query, which spans all the other topics in the collection.

The system should be able to rank the documents in order of relevance, not
merely make a binary decision between relevant and non-relevant. As mentioned
before, the user must choose between fewer documents with a higher precision and
more documents with a lower precision. In general, the system cannot balance the
trade-offs without input from the user, because the number of documents that the
user is willing to examine will generally depend on external factors are not available
to the system. Few readers will wish to examine a thousand or more documents, even
if the system is convinced that they are all extremely relevant. All of these difficulties

combine to make information retrieval an extremely challenging problem.

1.6 Goals of this Thesis

Among the difficulties associated with developing an improved information retrieval

system is proving that it is measurably better than the current standard. The issue of
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CHAPTER 1. AN INTRODUCTION TO INFORMATION RETRIEVAL 10

performance evaluation is a thorny topic in IR, and it probably has no unique solution.
The first goal of this thesis will be to describe the current evaluation methodology and
attempt to gain a better understanding of the underlying assumptions that support
the standard performance metrics. We will also attempt to provide a more com-
plete description of the different options for testing the hypothesis that one retrieval
strategy is more effective than another.

As discussed in the previous section, a representation of documents as a set of
term frequencies has a number of problems associated with it. Most effective retrieval
systems currently in use rely on extremely simple term-matching strategies to identify
relevant documents. To apply more sophisticated statistical models, we will have to
find some practical method of dimensionality reduction. A retrieval strategy that
must sift through hundreds of thousands of terms can only be of limited computational
complexity if it is going to produce an answer in real time. In this thesis, we will
evaluate the effectiveness of several methods of dimensionality reduction and suggest
ways of using them even on the largest collections.

Once an adequate representation of documents has been found, one can consider
adopting more sophisticated statistical classification algorithms. The final goal of
this thesis will be to take several common classification techniques from statistics
and machine learning and adapt them to the information retrieval problem. To make
these methods work, we must overcome the fact that there will be an extremely limited
number of relevant documents available to train the classification algorithms and that

even the reduced document representations will require 100 or 200 dimensions.

1.7 Outline of Subsequent Chapters

The second chapter describes the basic components of the information retrieval system
that convert raw text into the form of an index, consisting of term location and
frequency information. It introduces the inverted index, a representation of terms by
the documents which contain them, as an efficient data structure that reduces the
time required to conduct a search. It also describes the stemming algorithm, a simple

linguistic tool which truncates words to their root form in order to reduce the size
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CHAPTER 1. AN INTRODUCTION TO INFORMATION RETRIEVAL 11

of the vocabulary. It concludes by outlining the framework of the package for text
retrieval that will be used in this work, known as the text database (TDB) system.

The third chapter introduces the basic information retrieval strategies, the Boolean
Model and the Vector Space Model. The Boolean Model consists of a series of log-
ical constraints applied to query terms to isolate a subset of documents likely to
be relevant. The Vector Space Model represents query and document by vectors of
word frequencies and estimates document relevance by the inner product of the cor-
responding word vectors. Relevance feedback, an iterative strategy for improving the
quality of the search using relevance judgements provided by the user, and the routing
problem are also described in some detail.

The fourth chapter details the problems of feature selection and dimension re-
duction in information retrieval. It explains why words are such poor features and
characterizes many of the previous attempts to deal with this problem. It then
presents an alternative dimension reduction strategy known as Latent Semantic In-
dexing, which applies a matrix decomposition to the term-document matrix to allow
both terms and documents to be representated in a lower dimensional subspace of
orthogonal indexing variables. The advantages and disadvantages of this approach
are considered.

The fifth chapter provides a comprehensive review of methods of evaluation of
information retrieval experiments. It describes the problems associated with computer
experiments on test collections and explains why the alternatives do not represent a
better approach. It characterizes the basic performance measures in IR and gives a
basic feel for the intuition behind each measure. It continues by presenting a series of
alternative measures and discusses the reasons for their development. It concludes by
reviewing the important statistical hypothesis tests which can be used to determine
whether one retrieval strategy works better than another in a simulation experiment.

The sixth chapter introduces the classification techniques which can be applied
to the information retrieval problem. The primary approach presented is discrimi-
nant analysis, which models each group using a multivariate normal distribution and

estimates the class membership for new observations by the group which they are
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CHAPTER 1. AN INTRODUCTION TO INFORMATION RETRIEVAL 12

most likely to belong to. The chapter also explains logistic regression, which esti-
mates the log ratio of probability of class membership by a linear model. Several
other techniques that proved to be less successful in practice are described, including
classification trees and a method for determining the optimal separating hyperplane
between two groups.

The seventh chapter presents a series of retrieval experiments on the Cranfield test
collection. It begins by providing some summary statistics about the collection and
goes on to discuss how to implement the Vector Space Model. It applies the Vector
Space Model to the three major search problems in information retrieval to determine
a baseline for comparison with other models. Latent Semantic Indexing is introduced
to obtain a low dimensional representation of the collection, and the impact of this
technique on retrieval performance is measured. Initial attempts are made to apply
statistical classification to the routing problem. We find that discriminant analysis
applied to a local query-specific representation yields a significant improvement in
performance.

The eighth chapter continues our work on retrieval experiments on a much larger
collection of documents from the Wall Street Journal. It quickly becomes apparent
that Latent Semantic Indexing cannot be applied successtully to the full collection. A
new strategy of obtaining a sample of documents in the region of the query is intro-
duced, for which dimension reduction provides a large improvement in performance.
Several classification methods are then applied, but they do not prove to be markedly
more effective than a simple strategy using the centroid of the relevant documents.
The final chapter presents our conclusions and makes some suggestions for future

work.
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Chapter 2

The Basics of the IR System

For the work in this study, the most important aspect of the IR system is the search
engine, which uses a model based on word frequency information to identify relevant
documents. However, search tools are built on top of layers of system components
that perform the basic tasks of text analysis. Before examining the theoretical IR
problem, it is important to describe the process by which the computer converts text
into a form that can more easily be stored and processed.

For most IR systems, the basic unit of text analysis is the word. It is the small-
est unit of language that carries a reasonable amount of semantic structure. While
phrases or sentences may be more meaningful, one must perform an extensive amount
of linguistic analysis to capture important structure at this level. Therefore, most text
retrieval systems measure the relationship between documents primarily on the basis
of word frequency information. Computers can estimate document similarity using
word co-occurence information quickly and efficiently, and this forms the basis for the
standard information retrieval system.

This chapter will cover the basic components of a retrieval system which convert
raw text into an organized representation as index terms. These tools are applicable to
almost any retrieval strategy and can be broken down into two parts, text processing
and automatic indexing. Text processing converts the text into a stream of tokens,
consisting primarily of words, but also including numbers, abbreviations, and alpha-

numeric sequences. Automatic indexing describes the process by which the system

13
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CHAPTER 2. THE BASICS OF THE IR SYSTEM 14

stores these tokens in a data structure in an efficient manner so that they can be
easily accessed by the search engine. At the end of the chapter, we will provide some

details about the retrieval system used in this thesis, known as the Text Database

(TDB) system [16].

2.1 The Inverted Index

After a document is processed, the words that it contains can be stored as a list of
index terms and their frequencies. While document profiles are easy to construct,
they are not the most useful data structure for retrieval purposes. An alternative
representation, known as the inverted index, stores a description of each index term
which consists of the reference numbers of all documents which contain that term.
The inverted index is a crucial part of almost any retrieval system because it improves
search efficiency in a dramatic fashion.

Many queries consist of only a small number of index terms and searching every
document for these terms would be extremely inefficient. By using the inverted index,
the system can quickly identify which documents contain query terms and thus reduce
the search space substantially. As collections grow in size, increasing search times,
this becomes an extremely important advantage. The one drawback of the inverted
index is that it often requires a considerable amount of storage, sometimes enough to
double the space required for the collection [23].

However, the difference in performance depends on the size and frequency of the
query terms. Long queries with frequent terms will cover almost every document
in the collection, leading to no reduction in the size of the search. A number of
strategies have been proposed for improving efficiency for long queries and large text
collections. A simple and common approach is to eliminate a small number of the
highest frequency terms, which are collectively known as the “stop list”, that are likely
to have little value in retrieval. This process will be described in the next section.

Alternatively, the system can sort the inverted index entries for each term in order

of their frequency and only process the entries until a threshold score is reached. Any
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CHAPTER 2. THE BASICS OF THE IR SYSTEM 15

matches below the threshold are assumed not to contribute significantly to the docu-
ment’s score. Persin [60] uses one threshold to determine when to insert a document
into the scoring list and a second threshold to determine when to add to the score
of a previously included document. His system is able to perform the retrieval task
in roughly one fifth the usual time with almost no loss in accuracy. The threshold
constants do need to be carefully tuned to optimize performance, but the potential
for improvement is dramatic.

The amount and type of information stored in the inverted file posting for each
index term can depend on the search application. If the search technique does not
require term frequencies, the term description can be merely a list of documents.
It documents will be compared to the query on the basis of a frequency-weighted
similarity measure, the postings must also include the frequency of the term within
each document. Finally, if the goal is to duplicate the structure of the original text
(perhaps excluding the changes described in the next section), the system can store
positional information for each term in the indexed document [17].

For any text collection of reasonable size, the inverted index is stored in a data
structure on disk, such as a sorted array or a B-tree [17]. A sorted array can be
accessed using binary search and is easy to implement but relatively hard to update.
Frakes [23] presents a detailed implementation. A B-tree is a balanced multiway
search tree that provides efficient access to secondary memory for large databases.
Entries can be found in O(log, N) disk accesses where N is the number of entries and
b the branching factor of the B-tree. Since b can be relatively large, entries can be
accessed extremely efficiently [17]. B-trees require more storage than a sorted array,

but are much easier to update.

2.2 Lexical Analysis

The system can convert raw text into tokens in a relatively straightforward manner.
There are some issues to be addressed, such as how to handle punctuation (hyphens),
how to find sentence, paragraph, section, and document boundaries, whether and

when to distinguish between upper and lower case, etc . . . While these issues can
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CHAPTER 2. THE BASICS OF THE IR SYSTEM 16

have an impact on retrieval performance, they can usually be resolved in a relatively
simple fashion. For example, proper names are generally identified by a connected
sequence of capitalized words and can be very helpful in retrieval. Instead, we will
focus our attention on two other important components of the text processing system,

stop lists and stemming algorithms, which deserve more comprehensive study.

2.2.1 The Stop List

There exists a large class of words that have no inherent meaning when taken out
of context and thus are basically useless as index terms. For example, terms such
as “the”, “and”, or “of” have no semantic content. These words also tend to be
among the most frequently occuring terms in the English language. Therefore, it
seems natural to filter these terms out of the inverted index. This is done by creating
a list of terms that will not be indexed, otherwise known as a stop list.

Using a stop list of function words can significantly increase the efficiency of a
retrieval system by reducing both the size of the inverted index and the time required
to conduct a search. A small number of very frequent terms often accounts for as
much as a third of the tokens in a document collection. Therefore, removing them
reduces the size of the inverted index proportionally. The most common stop words
are likely to occur in almost every document in the collection. If these terms are
present in the query, then most of the document collection will have to be examined
to conduct a search.

Opinion varies as to the optimal number of terms on the stop list. Stop lists can
range in size from perhaps eight to as many as 500 individual terms. Modern ap-
proaches have tended to favor stop list towards the larger end of that range, although
the size also depends on the search method. The contents of the stop list may also
be domain dependent, as certain index term that are uncommon in general use may
be exceedingly common in a specific context, which might merit their removal. One
should keep in mind that the stop list should not be selected solely on the basis of
frequency, for some content-bearing words are very frequent in the English language.

Stop words can also provide other clues, such as information about the genre of a
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CHAPTER 2. THE BASICS OF THE IR SYSTEM 17

document. For example, the biographical entries in Grolier’s encyclopedia [1] have
an extremely large number of pronouns. Whether this information can be used con-
structively for information retrieval remains an open question. It has been found in
retrieval experiments that using a stop list in the size range listed above does not

make it harder for search algorithms to identify relevant documents [23].

2.2.2 Stemming Algorithms

Another common strategy for reducing index size and potentially improving retrieval
performance is to apply a stemming algorithm to word tokens. A stemming algorithm
is a linguistic tool for building word equivalence classes for index terms by removing
and modifying prefixes and suffixes to identify the root form of the word. All variants
which reduce to the same root stem are combined to create a single index term.
This strategy is based on the assumption that most common morphological variants
of a word have similar meanings and are used in similar contexts. For example, if
a query contains the word colonization, the user is also likely to be interested in
colonize, colonized, colonizing, colonist, and even colony. If all of these variants can
be reduced to a their simple root form, such as colony, this should help to extend the
coverage of the search. Using a stemming algorithm will also reduce the size of the
inverted index, often by as much as 20-50% for a small collection. This reduction is
not as substantial for larger, more general document collections [32].

There have been a large number of experiments conducted to test the performance
of stemming algorithms [23], with mixed results. Some studies have found that stem-
mers do improve retrieval performance while others have found no difference between
systems running on stemmed and unstemmed text. In general, it appears that stem-
mers do not degrade retrieval performance, and the specific choice of stemmer from
among the most popular variants does not seem to be particularly important. The
effect of stemming may well depend of the nature of the vocabulary used in the
collection.

When might stemming a word not be productive? Sometimes different forms of

the word may be used in different contexts, and thus deserve separate entries in the
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CHAPTER 2. THE BASICS OF THE IR SYSTEM 18

index. For example, the term “stabilizer” may be used to refer to an aircraft part
and may not be used in the same context as stabilize, stable, or stability. Gale et. al.
[28] find an average correlation of .67 between documents that use singular and plural
forms, and for the lower 70% of the terms the correlation is .37, which indicates that
the plurals for some terms are probably used in different contexts.

A number of different stemming algorithms have been proposed. Most stemmers
work by iteratively applying a set of rules for prefix and suffix removal. A simple rule
of this form is one which coverts the plural to the singular form. An example of a
more complex rule follows [32]: “If a word ends in “ies” but not “eies” or “aies”, then

LLieS” :

“y””. Additional constraints are added to handle as many exceptions as

possible.

2.3 The Text Database System

The basis for the retrieval system used in this thesis is the Text Database (TDB)
System developed by Jan Pedersen and Doug Cutting at Xerox PARC [16]. The
TDB System, written in Common Lisp [43], is an object-oriented prototype designed
to provide a flexible framework for experimental work in information retrieval. The
system is decomposed into a set of modules that allows considerable variety in the
range of implementations at different levels. The important components of the system
that will be used in this work are the following modules: Corpus, Analysis, Indexing,
and Storage.

The Corpus module produces a mapping from a document to the text which it
contains. It removes control characters and identifies document boundaries. The
document text is represented as a character stream which can be passed on to other
applications. Once a few basic corpus templates have been developed, new document
collections can easily be added to the system.

The Analysis module converts the text into terms suitable for indexing. First,
the character stream is converted to a token stream, where a token is defined as a
sequence of alphabetic and/or numeric characters. Subsequent steps are accomplished

by a series of filters. Stop list tokens are removed and the remaining tokens are passed
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CHAPTER 2. THE BASICS OF THE IR SYSTEM 19

to a stemming algorithm.

The Indexing module creates index structures useful for applying various search
strategies. The inverted index allows document location and frequency information
to be quickly obtained for any index term, as described in the first section. The
system can also access document profiles which describe each document by its term
frequencies. The Storage module uses B-trees to store document profiles and the
inverted index on disk.

Using the tools from the TDB system, one can quickly and easily access descrip-
tions of either terms or documents. The document collection can now be studied with
a wide variety of search tools. The search and retrieval methodology, which forms
the heart of the IR system, will be described in detail in the next chapter. Specific
details of the implementation of these search strategies will be given in chapters 7
and 8. The computer code for all the basic search strategies used in this thesis was
written by the author in Common Lisp. The classification algorithms that will be
described in chapter 6 were run using SPlus functions and computer packages which

are freely distributed by a variety of sources.
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Chapter 3

Search Strategies in Information

Retrieval

We now address the fundamental problem in information retrieval. Given a query,
how can the system automatically determine which documents are most likely to
be relevant? In the previous chapter, we described how to index raw text so that
the characteristics of both index terms and documents can be easily accessed. For
the most part, the search strategies described here will rely on the word as the basic
component of the system, since this allows us to make use of the efficient term retrieval
tools developed in the previous chapter. Since our system will perform no natural
language processing or linguistic analysis other than using a stemming algorithm, the
only objects used to measure the relationship between the query and documents will
be the index terms that they have in common. The fundamental assumption of these
models will be that the more vocabulary shared by the document and the query, the
greater the likelihood that the document is relevant to the query.

This chapter will examine two of the basic models used in information retrieval, the
Boolean Model and the Vector Space Model. The Boolean Model retrieves documents
that satisfy a series of logical constraints on the index terms in the query. While fast
and easy to implement, it has a number of problems that often make it an ineffective
retrieval tool. The Vector Space Model treats queries and documents as vectors of

term weights and computes an inner product similarity score between them. It is

20
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CHAPTER 3. SEARCH STRATEGIES IN INFORMATION RETRIEVAL 21

more flexible than the Boolean Model because documents are ranked in order of their
estimated relevance, and term importance weighting strategies can be applied. It
also is ideally suited for automatic relevance feedback, where the system interactively
updates the query based on relevance judgements provided by the user. The chapter

will conclude by providing a brief discussion of the routing problem.

3.1 Boolean Retrieval

Boolean search represents a simple generalization of the database look-up strategy
described above. In Boolean retrieval, the system selects those documents that satisfy
a logical expression of query terms using connective expressions such as OR, AND,
or NOT. In mathematical terms, OR = union, AND = intersection, and NOT =
complement. A query might be expressed in the form @ = (A or B) and C, which
corresponds to: find all documents which contain term C and either term A or term B.
Boolean search can also be accomplished in an efficient manner. The system looks up
the entry for each term in the inverted index and merges the resulting document lists,
following the contraints of the boolean query expression. Most commercial retrieval

systems, such as library catalogs, still rely on this search strategy.

3.1.1 Drawbacks of Boolean Model

Boolean retrieval suffers from a number of serious drawbacks summarized below [64]:
(1) No control over the size of the output.
(2) Not robust; query extremely sensitive to the choice of terms.
(3) No concept of term importance.
(4) No ranking of document importance.
(5) Difficult to formulate and modify complex queries.

In the following paragraphs, we analyze each of the drawbacks in more detail and

describe methods that have been proposed to overcome them.
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CHAPTER 3. SEARCH STRATEGIES IN INFORMATION RETRIEVAL 22

The number of documents satisfying a boolean query is highly variable, depending
on the frequency of the query terms and the number of conjunctions/disjunctions in
the query expression. The union of frequent terms can result in far more documents
than the user could possibly examine while the intersection of rare terms can result
in no documents being retrieved at all. A user could conceivably adjust the query by
adding conjunctions to increase the size of the retrieved set or disjunctions to decrease
it, but this is very imprecise at best, because of the user’s lack of knowledge about
term frequency and overlap.

In addition, the query is extremely sensitive to the choice of retrieval terms and
the logical connectives used to link them. Adding a single term to the query can
change the output substantially. This is not a desirable property if the user is not
sure of exactly what they are looking for. Using a large number of disjunctions forces
the document to use exactly the same vocabulary as the query, which makes the
search method inflexible to slight changes of vocabulary.

The boolean query includes no concept of term importance. Therefore all terms
are assumed to be equally important in practice, which severely limits the user’s
ability to adjust the query in a subtle manner. Similarly, all documents returned by
the user are assumed to have equal importance. If the output is large, the user has
no idea if a particular document matched on only a single relatively useless term, or
on most or all the terms in the query. Without knowing which documents are likely
to be more important, the user may have to spend a considerable amount of extra
time analyzing the search results.

Finding the correct logical combination of query terms is an elusive goal. In
particular, as the query gets more complex, the number of possible combinations
grows extremely rapidly. It takes a lot of time and effort to design and tune such
queries. Furthermore, if a relevant document is found, it can be difficult to figure out
how to use that information to improve the query. In particular, there is no automatic
way for the system to use a relevant document to improve the quality of the search.
Thus, a considerable amount of human effort is required to construct a complex and

accurate boolean query.
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CHAPTER 3. SEARCH STRATEGIES IN INFORMATION RETRIEVAL 23

3.1.2 Improving the Boolean Model

Several methods have been proposed for dealing with the drawbacks associated with
the Boolean Model. InfoCrystal [74] is a visualization tool that allows the user to
view a graphical representation of all logical combinations of query terms simultane-
ously. The user can use this display to identify how many documents exist for each
combination, which can help with many of the problems described above. The user
can see the size of the output and select a boolean combination of query terms which
has a reasonable number of documents. The graphical display makes it possible to
see which query terms are most useful for increasing or decreasing the search output,
and the user is no longer burdened with selecting the optimal boolean relationship
between query terms before seeing how they are distributed. However, since the
number of combinations grows exponentially with the number of query terms, this
representation is useful only for a small number of query terms.

For systems with a controlled vocabulary of common index terms, the system can
provide help in narrowing or broadening a search by using a structured dictionary
[79]. This dictionary is constructed in advance and stores more general or more precise
related keywords for each potential index term. The user can then select from among
these terms to change the scope of the search. While such a tool would be extremely
valuable, the difficulties associated with its construction limit it to a relatively small
vocabulary of index terms.

The Boolean Model can be substantially improved by adding a method for weight-
ing the relative importance of retrieved documents. One simple method would be to
rank documents in order of the number of query terms (separated by the AND rela-
tionship) that match terms in the document. For example, the query Q = A and (B

or C) could score documents as follows.
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Essentially, documents are graded according to the number of times they match a
term in the query. With this system, the user can identify the documents with the
highest level of partial matching to the query.

This approach has been generalized to produce the extended boolean retrieval
model [64]. This model incorporates term weights given by the user and assigns
higher scores to cases D1 and D4 to provide a more continuous ranking of documents.
The extended Boolean Model addresses most of the problems associated with the
uncontrolled size of the output and the lack of term and document weights, which
should make the boolean approach more effective.

It is also important to recognize that terms which appear in the same document
are not necessarily related in the fashion intended by the boolean query, and may
just occur together by chance. This problem is particularly associated with long
documents that may cover a wide variety of topics. To attack this problem, many
systems will allow the user to impose a proximity constraint on the terms in the query.
Not only must they occur together in the same document, but they must have fewer
than k& words between them. Proximity contraints make sure that the index terms
are at least used in the same part of the document.

It is important to note that none of these methods addresses problem (5) above.
The Boolean Model is designed to deal with short queries, and it will never be easy to
contruct and apply very long and complex queries. There is no obvious way to auto-
matically incorporate information from relevant documents into a revised query. This

technique, known as relevance feedback, represents one of the important advantages
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of the Vector Space Model, which is described in the next section.

3.2 The Vector Space Model

The Vector Space Model (VSM) represents queries and documents as vectors of term
weights [67]. Each element of the document vector measures the importance of a

specific term in the document, i.e.

@i = (gi1--qin) » D; =(dj1...d;p)

where ¢;; and d;;, give the value of term k in query (); and document D; respectively.
The value of these components can be binary (reflecting the presence or absence of
the term in the document), the frequency of the term in the document, or some more
complex importance weight assigned to that term.

If terms are assumed to be independent, one can estimate the similarity between

a query and a document by the inner product of their corresponding vectors.
Sim(Qi, D;) = qik * djy
k

Clearly, there are strong correlations in the structure of term usage across language,
but the independence assumption is probably a reasonable first-order approximation.
Essentially, we can consider the inner product score to be a heuristic estimate of the
similarity between a query and a document which has the desirable property that
the more common vocabulary that exists between the query and the document, the

greater the similarity score between them.

3.2.1 Using the VSM for retrieval

Using the Vector Space Model, the system can compute a similarity score for each
document in the collection and rank the documents in decreasing order of their sim-
ilarity score. The highest ranking documents are returned to the user as the result
of the search. In practice, the similarity score is not computed sequentially for each

document in the collection. Rather, the inverted index is used to identify documents
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which have some overlap with the query, and the component for that term is then
added to the score of all overlapping documents. This method reduces the number of
disk accesses and makes the search go significantly faster.

The Vector Space Model does not suffer from the defects associated with the
Boolean Model. Documents are ranked on a continuous scale, so it is easy to control
the size of the output and the higher ranking documents are more likely to be relevant.
Term weights are incorporated into the model to distinguish which terms are most
important. The query is much less sensitive to the choice of particular index terms
since evidence is combined in an additive fashion to determine the final ranking. The
model deals easily with both short and long queries, since any form of free text can be
used as a query. Therefore, one can attempt to improve the query by incorporating
some or all the text from a known relevant document directly in the query. The
ability to deal easily with free text gives the Vector Space Model a substantial edge
over the Boolean Model. Furthermore, it has been shown that the VSM performs
better than the Boolean Model in a large number of retrieval experiments.

The one significant problem with the VSM is that it cannot capture the concept of
term dependence. The Vector Space Model assumes that all terms are independent so
that they can be used as the basis of the vector space. However, it is self-evident that
terms have strong dependence patterns. A set of terms used to describe concepts in
Chemistry are more likely to occur together than they are to occur with vocabulary
from Psychology or Linguistics.

One of the most significant forms of term dependence occurs in two-term phrases.
For example, the phrase “United States” is so common in Grolier’s Encyclopedia [1]
that “united” and “states” are highly correlated. A boolean query can capture this
relationship precisely be requiring that both terms occur in the matching document.
The Vector Space Model may assign a high weight to both of these terms, but it
is quite possible that a document that uses “states” very frequently could receive
an equally high similarity score. Methods for dealing with term dependence will be

discussed in subsequent sections.
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3.2.2 Term Weighting

One of the important advantages of the Vector Space Model is its ability to use term
weights to capture the fact that some terms are far more important than others. While
such weights could be selected by the user, this would require a considerable amount of
knowledge and effort, so the best solution is to have the system select these weights
automatically. Term weights can be broken up into three components: (1) term
frequency weights, (2) term importance weights, and (3) document normalization
weights.

The simplest implementation of the VSM uses binary weights to indicate whether
or not a term occurs in a document. However, by ignoring the frequency of terms
in a document, the system loses a lot of useful information. A term that occurs
frequently within a document will probably be strongly related to the content of a
document while a term mentioned once in passing may have minimal importance.
The system can capture this relationship by weighting terms in both queries and
documents according to their frequency. Empirical studies have shown that a term’s
importance generally does not increase linearly with its frequency. Therefore, it is
common to transform term frequency by using the log, square-root, or other similar
transformation.

However, a term’s importance is not related to its frequency within a document
alone, but also depends on its frequency over the collection. High frequency terms
are likely to occur in large number of documents and thus may be relatively poor at
marking the distinguishing characteristics of relevant documents. On the other hand,
index terms that appear in only a few documents have a high degree of specificity, and
thus are much more likely to be valuable. To incorporate this factor into the model,
terms are assigned a weighting component that is inversely related to the number of
documents that contain them.

We can turn to information theory to obtain a useful measure of term specificity

[83]. Shannon’s entropy:

N
(pi *log(pij)) , pij =0 — pij*xlog(p;) =0

=1
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CHAPTER 3. SEARCH STRATEGIES IN INFORMATION RETRIEVAL 28

where p;; is the probability that an occurence of term ¢ is in document j and N
is the number of documents in the collection. Entropy can be interpreted as a
measure of the degree of uncertainty associated with the evidence obtained from

term ¢. Entropy is maximized when term ¢ is uniformly distributed over the docu-

ment collection (H(FP;) = — X, +log(=) = log(N)) and minimized when p;; = 1
for a particular document (H(P;) = 0). One can measure relative uncertainty by

B(F) = H(F;)/log(N).

Relative entropy can be converted to a measure of certainty or specificity by using
w; =1 — H(P;)/log(N). This component is known as the signal to noise ratio and
has often been used in retrieval experiments. If w; is simplified by assuming that
there is a uniform probability of term occurence in each document then H(FP;) =
— > niilog(nii) = log(n;), where n; is the number of documents containing the
term, and w; = 1 — log(n;)/log(N) = ¢ * log(N/n;). The term log(N/n;) is known
as the inverse document frequency. The inverse document frequency is the most
commonly used term-importance weighting strategy.

The inner product measure of similarity is not normalized in any way to reflect
vector length. This means that longer documents will tend to have higher similarity
scores simply because they will have more terms and higher term frequencies. This can
be balanced by applying a normalization weight to account for document length. This
is often done by normalizing the document vector to have unit length, or by dividing
by a function of document length. The query does not need to be normalized since
all documents will be ranked with respect to the same query and only the ranking of
documents is important.

The three weighting components described above are generally applied in a mul-
tiplicative fashion to produce term weights that appear as follows:

iy = fi(dij) log(N/n;)
F(1Dj1)

where d;; is the frequency of term ¢ in document j and |D;| is the length of docu-

ment j. The choice of weighting functions f; and f; has been the subject of a large
number of retrieval experiments. It has been shown that using term weights is signifi-

cantly better than binary term vectors, and that inverse document frequency weights
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substantially improve performance. For other factors, it depends on the collection.
Collections with widely varying document lengths benefit from document normaliza-
tion, and collections with longer queries and documents benefit from within document

frequency weights.

3.2.3 Subtopics and Passage Retrieval

In the early days of IR, when computing power was limited, retrieval experiments
were run on test collections which were made up of journal abstracts or other short
articles. In documents of this size, content is generally limited to a single coherent
topic. However, most modern collections contain much longer “full text” documents
that will often cover a large number of different topics. The vector space model was
designed and optimized on collections of short documents, so it is very reasonable to
assume that a global document similarity match may not be the best approach for
heterogenous full text documents.

Just as the concept of proximity was introduced for boolean search, one can con-
sider producing a similarity score for subsets of a long document. If the document
is divided up into smaller passages, which could be paragraphs, sections, groups of
sentences, or even fixed-length windows of terms, a separate similarity score could
be computed for each passage, and the passage-level scores might prove to be a bet-
ter indicator of relevance than document similarity. Several recent experiments have
addressed this issue.

Hearst [37] proposes a method for partitioning a full text document into multi-
paragraph units selected according to their coherence as a single topic. The algorithm
works by computing the similarity (as for query-document similarity described above)
between adjacent overlapping text blocks (3-5 sentences long). A plot of these scores
over the length of the document reveals a series of peaks and valleys, where the peaks
correspond to subtopics and the valleys identify boundaries between subtopics. The
document can then be divided into passages which correspond to coherent subtopics.
Other researchers have used paragraphs [9] or overlapping windows of a fixed number

of words [11].
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The VSM can be used to compute the similarity between the query and each pas-
sage using term-frequency vectors. The system must then combine this information
into a unique document score. The system could use only the top-ranked passage
score for each document, or some combination of the highest ranking passages. Buck-
ley et. al. [9] and Callan [11] find that performance is optimized by using only the
top ranked passage, while Hearst [36] gets better performance by combining the pas-
sages that exceed a similarity threshold. Evidence suggests that retrieval on passage
scores alone can work for long texts, but that a combination of document and passage
level evidence may provide the best overall performance. In general, using passage-
level evidence improves performance by up to 20% for collections of long documents
and possibly as much as 5-10% for shorter full text documents, when performance
is measured using average precision at fixed recall levels. For more information on

evaluation, see chapter 5.

3.3 Relevance Feedback

Query-based information retrieval is a sequential process. It is rare that the initial
search retrieves exactly what the user is looking for, therefore he or she can generally
benefit from submitting a revised query based on what has been learned about the
topic from the initial set of relevant documents. This process is known as relevance
feedback [63]. One can modify the query by adding or deleting search terms and/or
by modifying term weights. Clearly, manual query construction and revision is a
relatively arduous and complex task. Given a relevant document, it is difficult to
determine what terms to add to the query and which terms are more or less important.
Therefore, the most desirable approach is to develop an automatic relevance feedback
process so that the system does the work of revising the query.

An automatic relevance feedback system can be designed which works in the fol-
lowing fashion. The system processes the initial query and returns a list of documents
ranked in order of their predicted relevance to the user. The user examines a few of
the highest ranking documents, determines whether or not they are relevant, and

sends this information back to the system. The system uses the analyzed documents
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to automatically construct a revised query and produces a new ranking of the remain-
ing documents in the collection. The user can examine more documents and repeat
the relevance feedback process as often as desired. This approach is ideal because
user effort is minimized. Users need only determine whether a document is relevant

or not relevant and the system does the rest of the work.

3.3.1 Feedback using the VSM

The Vector Space Model is ideally suited for automatic relevance feedback since it
accepts free text input for the query. Therefore, one can simply incorporate some
or all of the text from the relevant documents directly into the query. Non-relevant
documents can be utilized in a similar fashion, although the evidence that they provide
must be used in a negative fashion. One of the more successful relevance feedback

strategies was developed by Rochio [63], and works as follows:

D D
3 —6 7
D% 2 D,

7€ENrel

Qrfb:Q0+OéZ

i€rel

This strategy simply adds a weighted sum of the relevant document vectors and
subtracts a weighted sum of the non-relevant documents from the query. Relevance
feedback using this strategy produces a very large improvement in retrieval perfor-
mance (from 20-80% or more, depending on the collection) [69, 33, 2].

Adding the full document text directly into the query does have its drawbacks.
The number of terms in the query grows rapidly with the addition of evaluated
documents, causing searches to take longer and longer, as the performance benefits
of the inverted index are lost. A full search must be repeated for each iteration of
relevance feedback. Since relevance feedback is supposed to be an interactive process,

the system must be able to return feedback results in a relatively short period of time.

3.3.2 Improving Feedback Performance

There are several different perameters that can be optimized in Rocchio’s relevance
feedback model. First, what are the optimal values for o and 37 Second, how many

documents should the user examine before performing the next iteration of relevance
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feedback? Aalbersberg [2] examines both of these questions in detail, experimenting
on a number of different test collections. He finds that performance is optimized for
« between .5 and 1 and for # around .1. However, there is very little difference in
performance as long as « is considerably larger than 3.

Further experiments demonstrate that performance improves as the number of
documents examined between iterations of feedback decreases, and it is optimized by
using feedback after every document is evaluated. This is not surprising, since each
new bit of information should benefit the retrieval system. However, this must be
balanced by the cost of doing a feedback search. The user may not be willing to wait
for the system to rerank all the documents after each relevance judgement.

Fortunately, one can obtain roughly equivalent performance with considerably less
effort. Aalbersberg’s results indicate that there is only a minimal loss in performance
by ignoring non-relevant documents altogether. This means the feedback need only
be used each time a relevant document is identified.

The simplest relevance feedback strategy is to incorporate the full text of relevant
documents into the query, however it is unlikely to be the best strategy. As the
query gets longer, there is a significant danger of overfitting. Many of the terms
within a document may not be characteristic of the underlying topic that is relevant.
Therefore, some method of term selection may be in order. Harman [33] finds that
adding only the twenty most important terms to the query, where importance is
judged using term weights, is far more effective than adding all of the terms from the

relevant documents. We will address this issue in more detail in the next chapter.

3.3.3 Assumptions of Relevance Feedback

While relevance feedback of this kind appears to work extremely well in practice, it is
based on a number of assumptions that need to be recognized. Relevance Feedback
will be most successful when the distribution of relevant documents is unimodal and
can best be approximated by using its vector centroid, perhaps adjusting for the query
and the centroid of the non-relevant documents. This need not always be true. For

example, the query could be satisfied by documents that come from two substantially
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different fields that describe the topic with different sets of vocabulary. In this case,
relevant documents may be represented by two distinct clusters, and using relevance
feedback may make it even more difficult to find the second cluster.

Second, relevance feedback assumes that if a document is relevant, the user wants
to find more documents that look as similar to this document as possible. While
these documents may also be relevant, it is possible that they will merely duplicate
the information contained in the initial relevant document. The user might be better
served by looking for documents that are less similar to other relevant documents.
Admittedly, this is a fairly subtle distinction, and it is likely to be outweighed by
the benefits associated with expanding the query, but it is a hypothesis that current
retrieval experiments are incapable of examining. This issue will be examined further

in the chapter on evaluation.

3.3.4 Feedback using a Probabilistic Model

There is an alternative method for relevance feedback based on a probabilistic retrieval
model [79]. Let document # = (21...2,) be a binary vector indicating the presence or
absence of index term z; in that document. If one could estimate P(rel|x), one could
then use Bayes Decision Rule { P(rel|z) > P(nonrel|z) — « is relevant} to determine
which documents are likely to be relevant. From Bayes’ Theorem, the decision rule

can be rewritten as:
P(z|rel)P(rel) > P(x|nonrel) P(nonrel) — x is relevant

The most common approach to estimating P(x|rel) is to assume conditional in-
dependence, i.e. P(x|rel) =1, P(x;|rel). Write p; = P(x; = l|rel) and ¢; = P(x; =

Llnonrel), then the likelihood functions for our estimators are:
(x|rel) = Hp L—p) 1 i) (x|nonrel) = Hq 1— qZ 1 zi)

Taking the log liklihoods and plugging them into the decision rule above, we obtain:

pi(l — ¢)

gl@) = (cixai) +Co , « 10%(@

)
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The constant Cy determines the cut-off for relevance. Therefore, if we can estimate
p; and ¢;, we have a natural set of term weights for use in retrieval.

Given complete information about which documents are relevant and not relevant,
we can define a contingency table measuring the occurence frequency of term x; as

follows [79]:

Relevant | Non-relevant
v, =1 r n-r n
z;, =0 R-r N-n-R+r N-n
R N-R N
Using this table, we can define p; = 5 and ¢ = = =f5;- Clearly, complete in-

formation is never available, so it is common to form estimates based on a partial
contingency table. Such a table can be built during relevance feedback.

Since this model does not account for the frequency of a term in a document,
some researchers substitute the probabilistic term weight for the inverse document
frequency and also include term frequency and document normalization components
[33]. This strategy suggests scores for reweighting the current query. It is also often
used as a criterion for query expansion. Other terms which have a high score according
to this measure are added to the query.

The probabilistic model suffers from much the same flaws as the Vector Space
Model; it does not model the dependence structure that is known to exist between
terms. While it should suggest reasonable weights when there is enough data to
accurately estimate the probabilities, in practice this is rarely the case when relevance
feedback is being attempted. It is also based on a binary model of word occurrence
and may not generalize well when frequency information is included.

Researchers have attempted to generalize this basic approach by estimating word
frequency distributions using a poisson model. In this method, a term would receive
a high weight if its frequency over the relevant documents was extremely unlikely
to occur given a poisson model of term frequency over the collection. However, the
poisson model assumes that the term is uniformly distributed across the collection.

Mosteller and Wallace [55] found that the poisson model does not fit very well to
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high frequency function words, and subsequent studies have demonstrated that con-
tent words are even more likely to be grouped in clusters. Other attempts include
modelling term frequencies by the mixture of two or three poisson distributions, but
none of these approaches have produced better results in retrieval experiments than

the basic vector space model [75, 28].

3.4 The Routing Problem

In the adhoc search problem, the system must rank documents based only on the
text contained in the initial query. In the routing problem, it is assumed that a large
number of documents have previously been examined, and that information about
their relevance status is known. The goal is to predict the relevance of an incoming
sample of documents that have not yet been examined.

The traditional approach to this problem has been to use the techniques developed
for relevance feedback. Query terms are reweighted according to their importance, as
estimated from the evaluated documents, and additional important terms are added.
Documents are ranked according to the similarity score computed from the inner
product of the document and revised query vectors. Nearly all of the most successful
routing methods from the recent TREC-2 conference [35], used some variant of this
approach.

From a statistical standpoint, this approach is equivalent to ranking documents
according to their Euclidean distance from the weighted centroid of the relevant doc-
uments, assuming that documents are normalized to have equal length. While the
scores are different, the rankings in order of decreasing similarity score and increasing
distances are the same. Clearly, this a very simple approach to the routing problem,
since it does not make use of any information associated with the distribution of the
relevant and non-relevant documents.

The primary goal of this thesis will be to obtain improved retrieval performance by
applying statistical classification techniques to the routing problem. These methods
develop more general models of the structure of the relevance space than can be

obtained from a simple feedback query, and so they should be able to make more
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productive use of the large amount of information available in the routing problem.
It is hoped that classification methods may be of some use in improving performance
for relevance feedback, although this task is much more challenging because so much
less data is available. These methods will be discussed and analyzed in retrieval

experiments in chapters 7 and 8.
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Chapter 4

Feature Selection and Dimension

Reduction

Words are probably the most convenient features for characterizing documents. Most
have an inherent meaning and occur with enough frequency that it is feasible to claim
that documents are related if they have a large number of terms in common. Unfor-
tunately, word features are probably not the ideal information carrier for query-based
information retrieval. This chapter will examine the problems associated with word
features and suggest an alternate model, known as Latent Semantic Indexing, which
has the potential to be much more successful, particularly when used in conjunction

with statistical classification.

4.1 Problems with the VSM

Most successful information retrieval systems, such as those based on the Vector
Space Model, rely on term frequencies within a document as the primary source
of information. A term-based model suffers from a number of problems that have
been addressed by researchers over the years. The most important drawbacks are

summarized below:

(1) Synonymy - more than one term has the same meaning

37
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(2) Polysemy - a single term has more than one meaning
(3) Term dependence - many terms carry similar information

This section will describe each of these drawbacks in more detail.

Synonymy (or the use of synonyms) refers to the fact that the same underlying
concept can often be described using different terms. Traditional retrieval strategies
that are based on term co-occurence data will have great difficulty finding documents
on the same topic as the query that use different vocabulary. This is a particular
problem for document collections that span a number of different fields where the
same concept is often described in a different manner. For example, the term “cluster
analysis” is well known in the statistics community, but this topic is also studied
in machine learning where it is commonly refered to as “unsupervised learning”. In
order to discover this type of relationship, a retrieval system must look at second
order similarity relations, i.e. it must recognize that terms are related not just if they
co-occur in the same document, but if they each co-occur with the same terms.

Polysemy describes words that have more than one meaning, which is a common
property of language. For example, the term “suit” has a very large number of
meanings. It could be a court action, a piece of clothing, a symbol in a deck of cards;
if used as a noun, or other definitions if used as a verb. If important polysemous
words occur in the query, they can significantly degrade the quality of the search by
retrieving documents that are completely unrelated to the topic of interest. A number
of researchers have looked at term-disambiguation strategies than can help identify
the particular use of a term from its context.

The Vector Space Model assumes that terms can serve as independent basis ele-
ments for the vector space. In reality, there are often strong patterns of dependence
between terms used to describe similar topics or concepts. The result of this is that
the contribution of terms with positive correlation is overestimated in the VSM. The
highest correlations are often found in phrases, where the components of the phrase
do not often occur separately. Take an extreme example where two words always
occur together in a phrase, and never separately. The similarity score is incremented

by a product of the term weights for each term in the phrase. The phrase should

EX. 1038
APPLE INC. / Page 47 of 166


EPPSL
Sticky Note
None set by EPPSL

EPPSL
Sticky Note
MigrationNone set by EPPSL

EPPSL
Sticky Note
Unmarked set by EPPSL
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probably be considered as a single unit and thus be added to the similarity score
once. Therefore, the phrase is contributing two or more times its actual value to the
score for that document. Some systems deal with this issue by identifying phrases
and indexing them as a combined unit.

Many of the problems described above are not unique to the vector space model,
but are underlying difficulties with using term frequencies as the basic model for
queries and documents. In addition, there is the fact that each document contains
hundreds to thousands of distinct terms and a collection may have half a million. It
is a struggle for any model to absorb all of this data. Furthermore, most terms occur
in a very small number of documents, so the information which can be obtained from

any single term is limited.

4.2 Improving the VSM

The problems with a term based model raise a number of issues relating to variable
selection. Do we need more or fewer terms in the query? If the query is short,
individual terms might be such poor predictors that the model could benefit from
finding additional useful terms. In cases such as routing or relevance feedback, there
are an excess of index terms available and it is possible to directly estimate their
value, so term selection may well be helpful. Alternatively, one might replace or
augment terms with other variables, disambiguated terms, phrases, term clusters, or
other alternatives and end up with better performance. Previous research on each of

these options will be described in this section.

4.2.1 Query Expansion

The best way to deal with synonmy is to identify additional index terms that describe
the same concept given in the query and add them to the query. This is known as
query expansion. By adding additional useful terms to the query, we can potentially
recover documents that describe the relevant concept using different vocabulary. The

key question is how to find those terms. One approach would be to use cluster analysis
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to identify clusters of similar terms. One could then add to each term in the query
the other terms contained in its cluster.

There has been an extensive amount of research conducted on term clustering.
Early research [42, 54] found little benefit to using cluster analysis for query expansion,
although it did improve performance slightly for some collections. These experiments
suggested that small clusters of relatively rare terms produced the best results. On
the other hand, Crouch [15] obtained much better results in a later experiment.

The key difference between these experiments lies in how they compute term
similarity. The earlier experiments measure similarity by the cooccurrence of terms
within documents while the later experiment first clusters documents and looks for
terms that occur in all documents in the document cluster. This is a very important
distinction. First order term similarity (term A and term B occur often together) is
of limited utility for several reasons. First, the majority of documents identified by
the clustered terms will already be highly ranked due to the presence of the original
term. Second, many of the synonyms of interest are from different domains and thus
will rarely cooccur with the query terms.

Probably the best way to find these hidden synonyms from term clusters is to find
that both the term and its synonym occur in documents that have a large number of
other terms in common. These second order effects can be captured by looking for
synonyms in clusters of similar documents. Unfortunately, it is very time consuming
to perform a detailed cluster analysis of large document collections.

An alternative approach is to rely upon an external thesaurus to identify similar
terms. Salton and Lesk [65] obtain significant improvement in several collections, but
it requires the use of a manual thesaurus. Voorhees [81] performs query expansion
using Wordnet, a manually constructed network of lexical relationships, and finds that
expansion helps only for very short queries. For longer queries, it can actually hurt
performance. Term similarity can also be computed based on linguistic knowledge,
which leads to a slight improvement in performance [31].

Query expansion need not be limited to terms that cluster together with query
terms. Qiu and Frei [61] obtain a relatively large improvement (15-30%) in perfor-

mance by adding terms that have the greatest similarity to the entire query, rather
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than individual terms. Terms are represented in a term-term similarity matrix, and
the query is contructed as the union of the terms that it contains. Unfortunately,
construction of the full term-term similarity matrix is also prohibitively difficult for
large collections.

In summary, query expansion to obtain additional useful index terms sometimes
improves retrieval performance. However, the methods that are successtul require
a considerable amount of computational effort. It should be mentioned that when
relevance information is available (for feedback and routing) query expansion can be

extremely successful, as described in the previous chapter.

4.2.2 Word Sense Disambiguation

A classical approach to dealing with polysemy is to perform word sense disambigua-
tion on the ambiguous terms. Many different approaches have been tried, including
the use of dictionaries, morphological analysis, bilingual corpera, and Wordnet [70].
While disambiguation of individual terms can often be accomplished with a high de-
gree of precision [84], it has rarely led to improved performance for an IR system and
has often produced a significant drop in performance [30].

Sanderson [70] runs a simulation experiment where he replaces groups of words at
random with a pseudo-word to introduce artificial ambiguity and then measures the
change in performance of the IR system. He finds that one can add a large amount
of ambiguity before performance is extensively degraded. These results imply that
word sense disambiguation is not particularly useful in information retrieval. If the
queries are long enough or of high quality, then one can expect the remainder of the
query to provide enough context that ambiguous words do not cause problems.

However, one can easily imagine specific examples where a short query using
a rarer sense of a particular term could benefit from disambiguation. For exam-
ple, Sanderson cites queries looking for “John Major” (British Prime Minister) that
matched to a large number of documents where “major” was used as a military rank.
One problem is that word sense disambiguation is very difficult to evaluate because

the correct sense must be determined by hand for each term disambiguated, so most
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disambiguation systems have only demonstrated their performance over a small num-

ber of terms on shorter collections.

4.2.3 Phrase Modelling

Term-based retrieval models usually assume term independence, which is probably a
poor approximation to reality. Among the most common violators of this assumption
are terms that occur in common phrases, since the terms always occur together when
the phrase is present. This type of term dependence can be incorporated into the
retrieval model by identifying and indexing term phrases.

There are a number of different methods for identifying phrases. Proper noun
phrases, like people, places, and organizations, can often be identified simply on
the basis of capitalization, but this is clearly a special case. Phrase recognition
techniques fall into two major classes: statistical and syntactic. Statistical methods
merely identify sequences of terms that occur together much more commonly than
would be expected under the term independence model, generally using some measure
of correlation such as a mutual information measure. Syntactic methods use the
linguistic structure of the text to identify groups of related words.

Fagan [22] conducted an extensive series of experiments comparing methods for
statistical and syntactic phrase generation in information retrieval. He found that
simply defined statistical phrases worked considerably better than syntactic phrases
while both led to some improvement in performance. Lewis and Croft [50] suggest
that the poor performance of syntactic phrases may be due to their poor statistical
properties over small test collections. By this, they mean that most of the syntacti-
cally generated phrases were found too rarely to be useful for retrieval.

For large text collections, indexing phrases is difficult because of the very large
number of possible combinations. For this reason, most phrase indexing strategies in

this context are limited to frequently occurring word pairs [9)].
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4.3 Latent Semantic Indexing

We have seen that terms are a reasonably poor representation of the underlying mean-
ing of language. They suffer from ambiguity and redundancy and their dependence
structure is very difficult to model, primarily due the number of terms available.

Therefore, our goal is to provide an improved representation of documents that will:
reduce or eliminate synonomy, polysemy, and term dependence
1 d liminate sy y, polysemy, and t depend
(2) reduce the dimensionality of the problem

The methods described in the previous section can help with the problems defined
in (1), but other than term clustering, they do not reduce the dimensionality of the
document representation. In fact, incorporating sense disambiguation and/or phrases
into the retrieval system actually increases the dimensionality of the representation.

In this section, we will describe Latent Semantic Indexing (LSI), a technique
that will address all of the problems associated with terms and the VSM and lead
to substantial dimension reduction. The retrieval data used by the VSM can be
represented without loss of information by a document by term matrix, where each
entry gives the frequency of a term in the corresponding document. The document
by term matrix is simply a very large data matrix for a population of documents,
each described by a vector of term features.

In the statistics community, a commonly used data reduction technique is Princi-
pal Components Analysis (PCA) [3]. Principal components are linear combinations
of the original variables constructed to maximize the variability in the data which
can be explained by a limited number of features. The first principal component is
the linear combination with maximum variance, and subsequent components share
this property with the additional contraint that they must be orthogonal to all previ-
ous components. Principal components are extremely useful because one can replace
a large set of features with a much smaller set of components and still explain the

majority of the variability in the original data.
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Principal components are computed from the covariance or correlation matrix of
the original data. The component vectors are simply the eigenvectors of the corre-
sponding matrix, as demonstrated below:

max [[(e'S2]| _max [|«'UTAUz|| _max |[(y"Ay|
[Ragyl [Ragyl lytyll

Where S is the correlation or covariance matrix of data, S = UTAU is the spectral
decomposition of of into an orthogonal matrix U of eigenvectors and a diagonal matrix
A of eigenvalues. Let y = Ux. UTU = I since U is orthogonal. Then the maximum
value is Ay which is attained at Ux = [1,0,...,0] — @ = wq, the first eigenvector of
S. The second and subsequent components can be derived in the same fashion. The
eigenvectors give the coordinates of the new variables and the eigenvalues describe
their relative importance, in terms of amount of variability explained. The user
generally selects a subset of the largest components to use as the new variables, using

some criterion based on the decay rate of the eigenvalues.

4.3.1 Description of LSI

Latent Semantic Indexing [19] is a dimension reduction strategy similar to Principal
Components Analysis that is based on the Singular Value Decomposition (SVD).
While PCA is based on a symmetric, positive definite matrix, the SVD can be applied

to any matrix. It represents a data matrix X as:

X = DSTT

It X isn by k, D and T are n by n and k by k orthogonal matrices respectively,
and S is a diagnonal matrix of singular values, with at most k non-zero values.
Without loss of generality, we can make all elements of .S non-negative and sort them
in decreasing order of magnitude. Furthermore, we can delete columns k+1 to n from
D and reduce S to a k by k diagonal matrix by eliminating rows and columns which
have diagonal elements equal to zero.

If X is a document by term matrix, then the rows of D and T' represent documents

and terms respectively in a new coordinate space defined by the columns of these
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matrices. The columns of D and T are the singular vectors of X and are nicely

described by Deerwester et al. [19]:

. these factors may be thought of as artificial concepts; they repre-
sent extracted common meaning components of many different words and
documents. Each term or document is then characterized by a vector of
weights indicating its strength of association with each of these underlying
concepts. [. . .] Our aimis . . . to represent terms, documents, and
queries in a way that escapes the unreliability, ambiguity, and redundancy

of individual terms as descriptors.

The power of this decomposition lies in its potential for dimension reduction. The
SVD is strongly related to PCA, since D contains the eigenvectors of X X1, T contains
the eigenvectors of XTX, and the singular values are simply the square root of the
eigenvalues of the corresponding matrix product. Note that the matrix X is not
normalized by subtracting the mean for IR applications because it is very important
to retain the sparseness of the original data for computational reasons. To reduce
the dimension of the data, we can simply delete a number of the least important
singular vectors (LSI factors). This is accomplished by deleting columns from the
right hand side of D and T and reducing the dimension of S in a corresponding
fashion. The truncated data matrix maximizes the information retained from X in
a lower dimension. This representation will prove to be extremely useful for solving
information retrieval problems.

The document by term matrix has several unique properties when compared to
the typical matrix analyzed with the SVD. First, for most IR problems it is immense,
covering many thousands of terms and documents. This makes computing the SVD
an extremely challenging problem, since the standard methods are of O(n*k) where
n > k and n and k will both be in the thousands [30]. Fortunately, the matrix
is also very sparse, since most terms only occur in a small number of documents.
There are special techniques for solve the large sparse eigenvalue problem which can

reduce the computation to O(nk). The one that we will employ in our experiments

is known as the single vector Lanczos method, as found in SVDPACKC [21] which is
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freely available through NETLIB, a repository of code for solving common problems

in numerical analysis.

4.3.2 Benefits of Using LSI

LST addresses most of the major problems associated with using terms as the features
in a retrieval system. Since LSI captures the important correlational structure in
terms and documents, it will automatically recognize synonyms and if they are used
in similar contexts, both will receive high weights in the same LSI factor. Therefore,
one can think of LSI as performing automatic query expansion without increasing the
dimension of the corresponding output. Its effect on polysemy is difficult to resolve,
but it is easy to imagine that the problem will be less severe due to the additional
context that is automatically brought to the query by the use of LSI factors.

The use of factors reduces the term dependence problems associated with the Vec-
tor Space Model. LSI factors are orthogonal by definition, and terms are incorporated
into the LSI factors in a way that reflects the correlation in their use across docu-
ments. Furthermore, term associations are modeled in a way that does not increase
the dimension of the problem, unlike methods which index on term pairs or phrases.
Finally, Latent Semantic Indexing performs a very large amount of dimension reduc-
tion, which means that query and documents can be represented by a relatively small
number of important feature variables. This will be crucial when applying statistical

classification techniques which are very prone to overfitting the training data.

4.3.3 Drawbacks of Using LSI

Using LSI adds a significant amount of storage and computational cost to the search
application. While the reduced document representation might appear to cut stor-
age costs substantially, it is the opposite which actually happens. For example, the
document by term matrix for the Cranfield collection which is used in some of our
experiments has 90,441 non-zero entries (after stemming and stop word removal). Re-
taining only 100 LSI vectors over 1397 documents requires storing 139,700 values for

the documents alone. The term vectors require the storage of hundreds of thousands
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of additional values. In addition, the LSI values are real numbers while the original
term frequencies are integers, adding to the storage costs. Using LSI vectors, we can
no longer take advantage of the sparse nature of the term by document matrix. With
recent advances in electronic storage media, the storage requirements of LSI are not
a critical problem, but the loss of sparseness has other, more serious implications.
One of the most important speed-ups in vector space search comes from using an
inverted index. As a consequence, only documents that have some terms in common
with the query must be examined during the search. With LSI, however, the query
must be compared to every document in the collection. Fortunately, several factors
can reduce or eliminate this drawback. If the query has more terms than its repre-
sentation in the LSI vector space, then inner product similarity scores will take more
time to compute in term space. For example, if relevance feedback is conducted using
the full text of the relevant documents, the number of terms in the query is likely to
grow to be many times the number of LSI vectors, leading to a corresponding increase
in search time. While data structures such as the k-d Tree [25] exist which can speed
the search for nearest neighbors, they are most effective in lower dimensions and only
provide a partial ordering of the document collection. However, other techniques,
such as query expansion, suffer just as heavily from the problems described above,
and LSI performs relatively well for long documents due to the small number of con-
text vectors used to describe each document. These computational and storage costs

must be weighed against the advantages of the LSI decomposition.

4.3.4 Using LSI for Information Retrieval

It is relatively simple to use the LSI based document representation for retrieval. LSI
can take advantage of the known benefits of applying term weighting in the Vector
Space Model. Rather than using raw term frequencies as components, the matrix can
be transformed by applying the weighting function from the previous chapter. The
SVD of the term-document matrix is then computed and a set of m singular vectors
is retained to form the term and document representations. Terms and documents

are represented in the same space and the document vectors are simply the weighted
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combination of the vectors for the terms that make up that document.

As with Principal Components Analysis, it is difficult to know exactly how many
dimensions to retain. For most statistical problems, the “best” dimension is chosen
by examining the rate of decay of the eigenvalues and looking for sharp drops in mag-
nitude. Unfortunately, for most IR applications, the singular values decay smoothly
and it is difficult to guess at an optimal dimension. Fortunately, we can use retrieval
experiments to examine the effect of using different numbers of LSI factors. In gen-
eral performance increases rapidly to a maximum and then levels off or declines when
more factors are added. The optimal number of factors for retrieval depends on the
size of collection, but generally is at least 100 for collections that have more than
1000 documents.

In order for information retrieval to work, the query must be represented in the
same space as the documents. The LSI representation of documents has the im-
portant property that each document vector can be derived by taking the weighted
combination of its LSI term vectors, where the weights come from the original term-
based representation of the document. Using the same technique, we can construct
the query by computing the weighted sum of the LSI vectors of the terms that it
contains. Similarity between documents and the query can then be computed as the

weighted inner product of corresponding term and document vectors:
Sim(Q, D) = Z%' * §; %k dZ

where ¢; and d; are the weights for the ¢’th LSI factor for the query and document
respectively, and s; is the ¢’th singular value. Documents are then ranked according
to their similarity score and a subset of the highest ranking documents is returned to
the user, the same strategy used for term-based representation of documents.
Additional terms and/or documents can be folded into the LSI space of the collec-
tion in the same fashion as the queries were calculated. While this is reasonable up to
a point, when large number of documents are added to the collection, the SVD should
be recomputed to capture the new term-document correlational structure. LSI and
the VSM can be directly compared in retrieval experiments when they are applied

using the same term-weighting strategy.
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4.3.5 Performance of LSI in Retrieval Experiments

Using a reduced number of LSI factors for retrieval clearly results in a loss of infor-
mation, at least when compared to the full term representation of documents. The
key question is whether the missing information is important for retrieval purposes
or merely excess noise that can be eliminated without reducing performance. Deer-
wester et al. [19] compare LSI to the Vector Space Model on two small test collections
and find that a reduced representation performs at least as well and sometimes better
than the full term model.

Experiments by Dumais [20] on the TREC corpus, a very large heterogenous
document collection, obtained very good results using LSI for the routing problem,
scoring slightly below the best system which used massive query expansion and the
Vector Space Model. The performance of LSI for the adhoc search task was not as
good, but it was still on par with the performance of the average system evaluated at
the TREC-2 conference. These experiments indicate that the LSI representation has
the potential to perform as well as the Vector Space Model. Considering the dramatic
reduction in the dimension of the document representation, we can anticipate that
LSI can be used in conjunction with statistical classification to significantly improve
retrieval performance, at least in situations where enough training data is available

(i.e. the routing problem).
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Chapter 5
Evaluation

In the previous chapters, we have introduced several strategies for solving the infor-
mation retrieval problem. With a number of reasonable choices, how can a researcher
determine which strategy is most likely to be effective in practice? To judge the merits
of different retrieval strategies, one must conduct some type of retrieval experiment.
These experiments are usually based on a computer simulation using preconstructed
queries that have been manually researched over a known text collection. This chap-
ter will describe the standard approaches to evaluating the performance of one or
more retrieval strategies.

Successtul evaluation using computer experiments requires the following compo-

nents:

1) One or more document collections with a set of queries and their relevant doc-

uments.

2) A measure of the quality of the search based on the document similarity scores

produced by the system.

3) A valid statistical methodology for determining whether measured differences

between retrieval methods are statistically significant.

The experimental process proceeds as follows. For each query, the retrieval strategy is

applied to produce a list of documents ranked in order of their predicted relevance to

30
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CHAPTER 5. EVALUATION 51

the query. The list is scored according to how it ranks the relevant documents, using
one of the standard evaluation measures. Scores are computed in this fashion for
each query using the different retrieval strategies, and statistical hypothesis testing
determines whether there is a significant difference between the retrieval methods.

Each component in this process will be described at length in the following sections.

5.1 Test Collections

A test collection that is useful for retrieval experiments contains three major com-
ponents: a collection of documents, a set of queries, and an enumeration of the
documents in the collection that are relevant to each query. The relevant documents
are determined manually, and provide the standard against which all retrieval systems
are measured. The optimal retrieval system, if it existed, would rank all documents
designated as relevant higher than those designated as non-relevant for all queries.
The queries are designed to simulate questions that might be asked to the system in

a realistic setting or they may represent actual user queries.

5.1.1 Important Characteristics of the Test Collection

A large number of test collections have been developed over the years for use in re-
trieval experiments. They differ very widely in terms of size and content. The best
choice of retrieval strategy will depend, at least to some extent, on the characteris-
tics of the collection, so the goal will be to find a method that performs well in a
wide variety of situations. Among the important properties that vary between test

collections:
1) number of documents
2) style and content of collection
3) length and specificity of query

4) number of relevant documents
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5) length of documents

The size of the collection is important for measuring the performance of a system.
Computationally intensive methods may perform well for small collections but are of
limited use on very large collections. Systems are often refined by adding a screen-
ing step to get rid of the documents that are most clearly not relevant. Collection
size also plays a role in issues such as inverted index storage and access, document
representation by Latent Semantic Indexing, and document scoring algorithms.

The distribution of words over documents depends heavily on the style and content
of the collection. Some collections, such as news articles, will be loaded with proper
names which could be very useful if recognized. Words that are rare in general use
may be commonly used in a homogenous collection, and vice-versa. Documents may
cluster based on common stylistic queues rather than similarity of content, which
can make it harder to use relevance feedback on heterogenous collections. A system
that is optimized for a particular collection may fail to perform as well on another
collection with a different word-document distribution.

The best retrieval strategy may depend a lot on the length and specificity of the
query. Complex data-driven retrieval strategies may have little success with short
queries and limited amounts of information. However, the detail that they provide
may be vital to obtain good results for longer, more precisely defined queries. Queries
which share little vocabulary with their relevant documents may require that the
system have some language understanding capability in order to discover relevant
documents.

The number of relevant documents does not influence the evaluation of an adhoc
query, but it is very important for routing or relevance feedback. Even the best rele-
vance feedback strategy may not be particularly helpful if there are very few relevant
documents to discover. The number of relevant documents (number of observations)
is particularly important when using statistical classification for the routing problem.
In general, it is better to consider a simple retrieval strategy if there is not enough
evidence to support a more complex model.

Document length can be an important issue in the similarity ranking of documents.

Clearly, if documents have widely different lengths, then it is important to have a
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reasonable document normalization strategy. In addition, long relevant documents
may be diluted with lots of unrelated information, and thus receive a much lower
similarity score. Shorter documents may display higher variability in their similarity
scores and thus some will tend to be ranked higher than longer documents. This issue
motivates much of the work on passage-level retrieval that is discussed in a previous

chapter.

5.1.2 Problems with Test Collections

There has been a lengthy debate in the IR community about how well computer
experiments using a fixed set of queries over a few commonly studied test collections
accurately model real user searches. Clearly, it is impossible to characterize the full
range of user interests and query-construction strategies with a small and limited
number of queries. It is important to examine how closely the current evaluation
strategies come to this goal. Salton [68] summarizes the most significant concerns

about the validity of computer experiments, given below:

1) The queries used for test purposes may not represent actual user search re-
quests. The relevance assessments with respect to these test queries may not
be representative of the judgements that would actually be obtained in realistic

search environments.

2) The assessment of relevance, or utility, of a document with respect to a query
must necessarily be tailored to individual users. Hence the retrieval results
obtained with any given set of relevance data may be valid only for one particular

set of users and not be more universally applicable.

3) Some evaluation measures (recall) are based on knowledge of the complete set
of relevant documents with repect to each query, including both retrieved and
unretrieved items. The sampling methods used to choose documents to be eval-
uated are suspect, so unrealistic results or measurements that favor particular

search methodologies may be produced.
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4) The query and document collections used for test purposes are often unrealisti-
cally small; in such cases it is unrealistic to assume that the laboratory results

are valid for real searches performed under operational conditions.

Since the cost for manual evaluation of relevant documents is high, test collections
will only contain a limited number of queries. This number will probably be far too
small to cover the full range of topics included in the collection. In addition, these
queries will not necessarily model the properties of search requests for other document
collections. The first problem is not serious if the actual query base represents an
unbiased sample of the universe of all reasonable queries for the collection. There
is no good solution to the second problem other than to test retrieval methods on a
wide variety of different test collections.

While the relevance of a particular document to a query is usually obvious to any
individual reader, it is based on an intuitive notion and the concept of relevance is
difficult to quantify [71]. Schamber et al. [72] divide it into two distinct categories,
topical relevance and situational relevance. Park [59] describes the distinction as
follows: “Topical relevance is context-free and is based on fixed assumptions about
the relationship between a topic of a document and a search question, ignoring an
individual’s particular context and state of needs.” Situational relevance incorporates
a wide variety of factors, such as the user’s experience and background and the nature
of their information need.

An evaluation framework based on test collections can hope, at best, to capture the
notion of topical relevance. Since the goal of retrieval experiments is to find the system
that maximizes performance over the entire population of users, it makes sense to
ignore situational relevance. However, human evaluation of relevance of a document-
query pair may often be based on a single user judgement, some degree of situational
relevance will inevitably be introduced. This problem can best be addressed by having
multiple readers determine the relevance of documents. Alternatively, the query can
be specified very precisely, so that debate over relevance can be minimized. The
topics supplied with the TREC collection fall into this category [35]. However, this

style of query formulation does not necessarily reflect typical user behavior.
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For large text collections, it is impossible to manually evaluate the relevance of
every document in the collection with respect to each query. Generally, some screen-
ing process will be used to select the documents suitable for examination, and all
unexamined documents are assumed to be not relevant. Therefore, it is inevitable
that some relevant documents will slip through the net. This means that any measure
based on recall, which looks at the total number of relevant documents, will not be
accurate. In particular, the true number of relevant documents will be underesti-
mated. This alone does not cause too much trouble for a retrieval experiment, since
all methods will be evaluated based on the same set of relevant documents. However,
depending on how the documents were selected for examination, there may be a bias
for or against particular retrieval strategies.

Most of the test collections used in the early years of retrieval experiments were
extremely small, consisting of at most a few thousand documents. This was due
primarily to limited computing power available in that era. It is possible that some
of these results will not generalize to the larger collections in common use today.
However, the important question once again is whether any bias is introduced in the
smaller test collections. Clearly there are some problems. The early test collections
consisted primarily of journal abstracts or other short summaries, which have been
demonstrated to have different properties than long full-text documents. However,
the recent development of the TREC document collection [35], which contains two

gigabytes of documents of widely varying lengths, has helped to mitigate this problem.

5.1.3 The Alternative - User Studies

Given the problems associated with experimental test collections, it is fair to ask
whether there are any reasonable alternatives. The best alternative is to replace the
fixed queries with actual users, and measure their satisfaction with the output of
the retrieval system. User studies will more accurately simulate the retrieval system
in operation and may give a better reflection of system performance. For example,
it may take only take a single document to satisfy the user’s need while additional

documents, while technically relevant, do not provide any more useful information.
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However, user studies have a number of drawbacks when compared to computer
simulations. They require considerably more effort to implement, since a significant
number of subjects must be found, and their response to search results must be
recorded in considerable detail. It is difficult to compare results between users, since
each subject will have their own standard of what constitutes a successful search, and
it 1s difficult to compare results between studies, since each study will have a different
set of users. In order to directly compare two retrieval strategies, one must present
the results of both to a single subject, who must then decide which is better. This
is a much more difficult and subjective task than a computer experiment. Finally,
in order to make a precise comparison, one must quantify the user’s opinion of the
quality of the search, which adds another level of subjectivity (variability) to the
evaluation process.

The user’s opinion of a system will be based on a large number of factors, not
just the performance of the underlying retrieval engine. The quality of the user
interface and the ease of use of the system for developing and modifying the query
will also be important factors. While these components are clearly important to
the overall success of the retrieval system, they will make it more difficult to compare
between document ranking strategies. Studies have found that user satisfaction is not
highly correlated with some of the traditional measures of retrieval performance [76],
indicating that simulation studies using test collections may not accurately measure
the effectiveness of the retrieval system.

Hersh [38] suggests that there are more useful approaches to system evaluation
than simply measuring the number of relevant documents retrieved by the search,
since this may not correspond to success or user satisfaction. An alternative approach
is to ask subjects to use the retrieval system to find the answers to a series of questions,
given in the form of a test. If the subject can successfully answer the test questions
by consulting the system, that is a good indication that the system is working. An
experiment based on question answering adds a strong quantitative component that is
missing from other forms of user studies. It still measures overall system performance
and does not distinguish between ease of use and the quality of the retrieval algorithm.

The researcher must also account for inter-subject differences.

EX. 1038
APPLE INC. / Page 65 of 166


EPPSL
Sticky Note
None set by EPPSL

EPPSL
Sticky Note
MigrationNone set by EPPSL

EPPSL
Sticky Note
Unmarked set by EPPSL


CHAPTER 5. EVALUATION 57

The experiments in this thesis are designed to find new retrieval strategies to ac-
curately identify relevant documents. Since other components of the retrieval system,
such as the user interface, have no significance in this context, it is important that we
evaluate solely on the basis of the retrieval algorithm. Therefore, we are best served
by using computer experiments on test collections. The remainder of this chapter will
be devoted to describing the evaluation measures and testing necessary to accurately

measure the performance of the retrieval system based on a computer experiment.

5.2 Performance Measures

The standard document retrieval strategy will process the query and return a list of
documents to the user, ranked in order of their similarity to the query. For each query
in the test collection, these documents are identified as either relevant or non-relevant.
In order to assess the performance of a system, we want to assign a score to each of
these rankings based on the degree to which relevant documents are highly placed in
the ranking.

For most test collections, there is only a binary notion of relevance. Each document
is identified simply as relevant or non-relevant, and there is no sense of an amount
of relevance. While additional information about the amount of relevance might be
helpful, it would add an additional layer of subjectivity to the evaluation process.
The value of a particular relevant document may depend on the information already
available to the user. For most evaluation methods, one can assume the relevant
documents are indistinguishable from one another, and the same can be assumed for

non-relevant documents.

5.2.1 Precision and Recall

The simplest approach is to assume that user wants to examine a fixed number of
documents, which we will call the document cut-off value (DCV). Given the DCV,
then the goal is maximize the number of relevant documents in the retrieved subset.

Clearly, any reasonable evaluation measure should be monotonic in the number of
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relevant documents retrieved. The most commonly used measures are known as

precision and recall and are defined below:

Relevant | Non-relevant
retrieved r n-r n
not retrieved R-r N-n-R+r N-n
R N-R N

r r
Precision = — Recall = —
recision = — eca 7

Precision measures the quality or efficiency of the search, in terms of the fraction
of useful material in the set of retrieved documents. Recall measures the breadth of
the search, expressed as the fraction of the available relevant material presented to
the user. It is generally assumed that document scores have a strong linear ordering,
which means that no two (or more) documents receive the same score. Computing
precision or recall at a DCV which forces the system to choose from a group of
documents with identical scores is a much more complicated process [62].

Precision and recall are both directly proportional to the number of relevant doc-
uments retrieved; they differ in terms of the proportional weight assigned to each
additional relevant document. Both measures are normalized to range between zero
and one, which is necessary so that the measures will have a consistent scale over
different queries with different numbers of relevant documents. With this normaliza-
tion, the concept of average precision and average recall over the queries in a collection
becomes a meaningful concept.

Precision and recall have an inverse relationship to one another. As the number of
documents examined increases, recall must increase, but in general precision will tend
to decrease, following the average likelihood of relevance of each additional document.
The most common display of retrieval performance is known as the precision-recall
curve, and is simply a scatter-plot of precision vs. recall, evaluated at each point in
the ranking where a new relevant document is discovered. Alternatively, one could

plot precision or recall vs. the document cut-off value.
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5.2.2 Averaging Methods

Each query generates a separate evaluation curve. The overall performance of a
system is judged by averaging these curves. For plots of precision or recall versus
the DCV, this can simply be done by averaging at the same DCV for each query.
Averaging curves which plot precision vs. recall is a bit more complicated, since the
defined recall levels (which depend on the number of relevant documents) are different
for each query.

The most common averaging strategy, known as macro-evaluation [79], is to mea-
sure precision at the same fixed levels of recall for each query and build the average
curve by taking the average precision over all queries measured at each of these recall
level. In order to make sure that the fixed levels of recall are defined for each query,
it is necessary to perform some interpolation of the individual precision-recall curves.

Assume (R;, P;) is a recall-precision pair evaluated at a DCV equal to the i’th
ranked relevant document. Then the traditional interpolation strategy is to define
[79]:

P(R*)=sup P: R> R" and Rin {(R;, P))}

In other words, define the precision at the interpolated recall level as the largest value
of precision for any pair with recall greater than the given level. Once these interpo-
lated values are obtained for each query, they can simply be averaged to produce the

overall precision-recall curve.

5.3 Assumptions in Evaluation

The precision-recall (P-R) curve defines a bivariate measure of retrieval effectiveness.
How do we determine when one method is better than another on the basis of this
measure? A standard technique for comparing the scores of a bivariate measure is
to fix one variable and judge performance with respect to the other variable. The
fixed variable is often called the control or independent variable while the other is
labelled the response or dependent variable. The two approaches to evaluation that

are being compared have different definitions for these variables. The average P-R
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curve produced by macro-evaluation defines recall as the control variable and precision
as the response variable, since precision is averaged at a fixed level of recall. Averaging
at a fixed DCV uses the number of documents examined as the control variable and
precision or recall as the response variable. This results in substantially different
interpretations of the difference between evaluation scores when they are averaged

over a number of queries.

5.3.1 Normalization

The P-R curve uses recall as its measure of equivalence between queries. By judg-
ing methods on the basis of their average precision, the researcher is assuming that
a particular recall level must be attained by every query, and that the best search
method is the one that attains this recall level most efficiently, i.e. with the fewest
number of non-relevant documents. In some contexts, such as a patent search, these
are probably reasonable assumptions, but for other applications, recall is not neces-
sarily a good measure of equivalence. Consider an example where one query has 20
relevant documents while another has 200. For most users, 50% recall would be a
very reasonable goal in the first search, but it is likely to be totally unmanageable in
the second. Therefore, one might question the validity of an average P-R curve when
similar recall levels are based on very different numbers of relevant documents.

The DCV-based methods normalize on the basis of equivalent effort, based loosely
on the number of documents examined, rather than equivalent performance. One
can imagine that a searcher might be willing to examine only a fixed number of
documents for any particular query. This approach also makes it possible to measure
differences between search methods in terms of precision or recall. When a DCV-
based method is averaged over multiple queries, using average precision weights each
relevant document equally in the final score while using average recall assumes that
relevant documents from queries with a larger relevant set are less important than
those with a smaller relevant set. Users can select which measure best suits their
search philosophy.

Clearly, neither method of evaluation dominates the other. Actual user behavior
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is likely to be based on some combination of the two methods. The user will probably
have a limited tolerance for examining new documents (measured by the DCV), but
this tolerance may be greater or smaller depending how much relevant information
has already been obtained (measured by recall). Note that the P-R curve provides no
information about the average number of documents that must be retrieved in order
to obtain a given level of recall. DCV-based methods have their own advantages and
disadvantages, as will be explained in subsequent sections. The author believes that
averaging on the basis of equivalent effort, rather than equivalent performance, is

much more reasonable for most retrieval applications.

5.3.2 Problems with the DCV

Both precision and recall are normalized to range between zero and one. This means
that they can be directly compared between queries and between systems. However,
when precision or recall are calculated using a DCV, they are often restricted to a
small fraction of that range. This is a problem for precision with large document
cut-offs and for recall with small document cut-offs.

It the DCV 1is larger than the number of relevant documents, it is impossible for
the precision to be one. In particular, if all relevant documents have been retrieved,
the precision will continue to decline with an increasing DCV, even though the search
algorithm is doing the best it can. Comparison of average precision between differ-
ent queries and different search methods can then be misleading. For example, one
method may retrieve all relevant documents in the top ten while another may not
achieve full recall until 30 documents have been examined. If the DCV is 30, these
two methods will have the same average precision. One could argue that if the user
was planning to examine 30 documents anyway, then it doesn’t matter which method
finds them earlier. However, this does suggest that users should make quality judge-
ments on the basis of more than one level of the DCV, just as precision is measured
at many levels of recall for the P-R curve.

It the DCV is smaller than the number of relevant documents, it is impossible

to obtain a recall value of one. For example, if only five documents are examined
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and 50 relevant documents exist for the query, then the recall is only 10% even if
all documents examined are relevant. This can make search methods appear much
worse than they actually are. For example, another search method might return only
two relevant documents in the same search described above. A comparison of 4%
and 10% recall might suggest very little difference between methods, although with
a higher DCV, the first method might turn out to perform much better.

One way to address this problem is to measure precision or recall over a range
of DCV’s and then average the results [40]. It is relatively simple to compute the
statistic at all integer values of the DCV in a range of interest and then use the average
over this range as the final measure of performance. For example, rather than just
measuring precision at 10 documents, one might compute precision averaged over all
values in the range [1-20]. This measure will smooth out any irregular effects due to
the choice of exactly 10 rather than say 8 or 12 as the DCV of interest.

The relationships shown above between precision, recall, DCV, and the number
of relevant documents suggest that precision is a more accurate measure for low DCV
and that recall is more accurate for high DCV, where the definition of low and high
is relative to the number of relevant documents. User preferences would be likely
to follow this pattern. Searchers choosing a low DCV would be more interested
in precision while those choosing a high DCV would be more interested in recall.
Therefore, as long as the researcher chooses between precision and recall based on
the size of the DCV, and then averages this measure at a range of different levels,
there should be very little loss of power from using this method. Note that the P-R

curve does not suffer from this problem at all.

5.3.3 Relevance Feedback and the P-R curve

In relevance feedback, a revised query is generated by updating term weights and/or
adding terms from relevant documents found in a previous search. If the feedback
search is re-evaluated under the same conditions as the original search, feedback will
almost invariably improve performance at low recall as measured by the P-R curve.

The similarity scores of any relevant documents that are used to generate the query
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will increase, which will improve the ranking of these documents relative to the others
in the corpus. This phenomenon, known as the ranking effect, does not improve the
quality of the search from the user’s perspective, since it merely reorders documents
that have already been examined.

There are a number of different methods for revising the P-R curve in order to
estimate the actual improvement due to relevance feedback. The SMART [66] system
uses rank freezing, which means that all documents that have been examined by the
user are frozen at their original ranks and all new documents are given ranks below
them. Several alternatives to rank freezing are also proposed in the SMART study.
Modified freezing only fixes the ranks up to the last relevant document that is used
for feedback. The residual collection method removes all previously found relevant
documents from the collection and computes precision and recall as if they never
existed. The test and control method divides the corpus into two roughly equivalent
samples. The first is used for relevance feedback, while the second provides untested
data for evaluation.

Several of the methods have clear drawbacks. Residual collection may perform
poorly when the number of relevant documents is small, since the removal of docu-
ments from the relevant set will have a significant impact on the evaluation results.
The test and control method is only unbiased if the two samples have equivalent num-
bers and distributions of relevant documents. Finding a partition of the collection
that would be acceptable for all queries is a very difficult task. Otherwise, there does
not seem to be a common standard for evaluating relevance feedback with respect to
the P-R curve.

If this problem is considered from the user’s perspective, the solution is clear.
Once a user has expended the effort to examine a document, whether relevant or
non-relevant, that document should be counted for the purpose of evaluation. Rank
freezing performs exactly this function, since documents are ranked in the order that
they are examined by the user.

This approach is easy to adopt for evaluation based on the DCV. Different feedback
methods are compared when they have examined the same number of documents.

For example, assume the DCV is fixed at 20. One method might retrieve the 20
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highest ranking documents and compute precision or recall. To incorporate relevance
feedback, retrieve 10 documents in the first step, revise the query and then find the
10 highest-scoring documents that have not yet been examined. The combined set of
20 documents from the feedback run can be directly compared to the initial method
without introducing any source of bias. The two methods required the same amount

of effort from the user, and thus are directly comparable.

5.4 Univariate Measures of Performance

While the average P-R or DCV curve describes the performance of a system rea-
sonably effectively, it does not lend itself easily to statistical hypothesis testing. It
is difficult to measure what defines a significant difference between two performance
curves. Therefore, it is common to summarize the full performance curve with a
single evaluation score. This score can be computed for each query and methods can
be compared on the basis of how consistently one scores better than another over the

full set of queries.

5.4.1 P-R based

The most common technique is simply to compute the average precision at multiple
levels of recall. For example, Salton and Buckley [69] use average precision at 25%,
50%, and 75% recall. The TREC-2 [35] evaluations average the precision scores
at every multiple of 10% recall. While using a one-dimensional measure obscures
important information, such as whether there is any interaction between performance
and recall, it does make it easier to compare a large number of different retrieval
strategies. One can summarize a DCV-based evaluation curve in a similar fashion by
averaging precision or recall over multiple cut-off values.

Alternatively, if interested in performance at a specified level of the control vari-
able, one could just select that point on the curve and use the value of the response
variable. Other summary statistics based on precision and recall have also been pro-

posed. Some evaluation studies have selected the point on the curve where precision
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equals recall. This method captures improvements in both precision and recall.
Van Rijsbergen [79] developed a measure that allows the user to weight the relative
importance of precision and recall. One such formulation of this measure is given

below:

B PxR
S axR+(1—a)xP

« ranges between zero and one and measures the relative importance of precision

versus recall. This measure is generally computed at a fixed cut-off value. The
full evaluation curve is often summarized by selecting the maximum value of F at a

number of different cut-off values.

5.4.2 Other Measures

A number of other evaluation measures have been proposed that are not directly
related to precision and recall. Swets [77] suggests that documents scores can be
modelled by two normal distributions, one each for the relevant and the non-relevant
documents. The quality of a retrieval strategy is determined by its ability to separate

the mean of the relevant and the non-relevant documents. This can be measured by:
Trel — Tpypel
\V 572«51 + 872%7’6[

S is similar to a two sample t-statistic, however the sample variances are not scaled

S —

to reflect the sizes of the populations. It is unclear why Swets decided not to scale
the variances.

While the two-sample t-statistic looks like a plausible measure, it has a number
of drawbacks. Non-relevant document scores will almost always be skewed, with a
heavy tail in the direction of higher scores. All of the important action takes place in
the tail of the non-relevant score distribution, so the mean is probably not the best
measure of this behavior.

The measures based on precision and recall operate under the assumption that

the user’s need can be expressed in the form:

(1) T want to find x% of the relevant documents as quickly as possible (P-R curve).
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(2) 1 want to find as many relevant documents as possible, but I'm only willing to

examine n documents (DCV curve).
A better expression of the user’s goals might be:

(3) I want to find one relevant document or . . .

(4) T want to find k relevant documents

Cooper [14] introduces the concept of Expected Search Length (ESL) which mea-
sures the expected number of documents that must be examined to satisfy the user’s
need. If the documents are strongly ordered (no ties), the search length can be cal-
culated directly. If there are ties, one must then estimate an expected value. The
retrieval strategy with the smallest ESL can be considered optimal for a request spec-
ified like (3) or (4) above. The only problem with this method is that there is no
concept of recall, since the total number of relevant documents plays no role in the
computation. Some would not consider this to be a problem, since recall is very
difficult to estimate for real user searches.

Precision and recall are based on a binary assumption of document relevance.
While this is the standard representation used in test collections, it may not capture
the concept of relevance from the perspective of the user. A more intuitive approach
is to ask the user to provide a list of preferences among the examined documents.
A preference statement merely states that document A is better than document B.
It enough preference relations are accumulated, this may provide a quite accurate
picture of the actual importance ranking of the relevant documents.

Frei and Schauble [24] suggest modelling the performance of a retrieval system
based on the number of the user’s preferences which are satisfied. From the ranked
list of documents produced by each retrieval strategy, one can compute the number
of preference relationships that are satisfied. The strategy that satisfies the most
preference relations is considered to be best for that particular query. One can apply
this measure to test collections by assuming that each relevant document is preferred
over any non-relevant document.

Clearly, one can choose from a wide variety of different evaluation measures. No

one measure dominates all the others. In general, there is a high degree of correlation
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between the different measures. The best choice depends on a wide variety of factors,
including the user’s conception of the goals of the search and the relevance information
available. Another factor to consider is the interpretability of the results. For many of
the measures described above, it is difficult to determine the meaning of an observed
difference between retrieval strategies. For many users, this may be the single most

important factor in determining the value of an evaluation measure.

5.5 An Alternative Method of Evaluation

There are a significant number of researchers (including the author) who are not
satisfied with any of the current evaluation measures. Most of the author’s concern
is related to the assumptions that go into the representation of documents as either

relevant or not relevant. This representation leads to two primary assumptions:
(1) All relevant documents are equally important.

(2) The information contained in relevant documents is additive, i.e. two relevant

documents contain twice as much useful information as one relevant document.

In most cases, these assumptions will not be strictly satisfied, and the question
is whether they provide a reasonable approximation to the actual distribution of
relevant information. It is likely that some documents will be more valuable than
others, but without any additional information, there is no better alternative than
assigning an equal weight to each relevant document. The second assumption is much
more difficult to justify.

A priori, there is no reason to assume that information in relevant documents will
be additive, since it is very likely that some of documents will overlap, i.e. have some
material in common. The combined worth of two documents will almost always be
less than the sum of their values. This means that measures based on the number
of relevant documents retrieved will be biased significantly in favor of strategies that
find more relevant documents, and will make these methods look much better than

they actually are.
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It is possible that two documents could be more valuable together than separately,
if for example, reading both of them allows you to make some interesting connection
that would not be possible when examining one without seeing the other. However,
these occurences are likely to be extremely rare when compared to the number of
times two documents contain information which overlaps.

This problem can be addressed by looking at the issue from a set-theoretic per-
spective. Define a space S which describes all the information in the corpus. For
any particular query there exists a subspace R C S, which defines the contents of
the corpus that are relevant to the query. Fach document d; has a corresponding
information space D; which is also a subset of S. We can also define a value measure
V', which measures the value of any information set with respect to the query, and
define V(R) = 1 and V(R°) = 0. A document can be considered relevant if R and
D; overlap, i.e. if V/(D;) > 0. In this context, it is possible that V(D;) = 1, indicat-
ing that one relevant document contains all the relevent information in the corpus
and that all other relevent documents do not provide any additional relevant infor-
mation. The union of all relevant documents will contain R by definition, but some
relevant documents may be expendable without reducing the information content. In
particular, it is likely that the information space of many relevant documents will
overlap.

Using this model, we can produce new definitions of precision and recall:
Recall(Dy...D,) = V(UD;)/V(R)

Precision(Dy...D,) = {min k | V(U D;) = V(U,D;)}/n

In other words, recall measures the value of the documents retrieved compared to
the value of all of the relevant documents, while precision compares the number of
documents retrieved to the minimum number of documents that must be retrieved
to find the same relevant information. These two measures are likely to be a much
more accurate representations of the quality and efficiency of a search than a binary
definition of relevance.

What are the implications of this approach for conventional retrieval experiments?

It is not intended to imply that current experiments are useless, merely that they
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will overestimate the importance of obtaining large numbers of relevant documents
in many contexts. A simple search may well be completely satisfied with a single
relevant document. However, there are some applications where relevant documents
can be considered independent and additive in nature. It may be important in patent
research, for example, to find all instances of prior art. The TREC queries [35]
generally request all documents that satisty a particular set of criteria.

The real problem with using this model is that queries and documents must be
analyzed in far more detail to produce evaluation results. The information in all
relevant documents must be pooled, and each component assigned a weight indicating
its degree of importance. The experimenter then identifies which components appear
in each relevant document. This type of analysis introduces a whole new level of
subjectivity into the retrieval process. If one is already unhappy with the subjective
nature of relevance judgements, then a more complex evaluation system is only going
to increase this variability.

A more accurate description of the relevant information in a document collection
might well lead to better evaluation of retrieval systems, but the cost of producing
queries suitable for this style of evaluation is high. The knowledge that is gained by
the in-depth analysis of a few queries might be outweighed by the coverage of the
collection that is lost by being forced to work with a much smaller set of queries.
Researchers should simply be aware that current evaluation methods are heavily

biased towards quantity rather than quality.

5.6 Hypothesis Testing

Once a number of different retrieval strategies have been applied to a test collection
and an evaluation score computed for each query, then the researcher may want
to know whether the results indicate that one method is significantly better than
another. Hypothesis tests can be used to determine whether the observed differences
are really meaningful or are simply due to chance. For most scoring methods, it is
impossible to make this distinction for an individual query. However, when system

are evaluated over multiple queries, it becomes possible to measure the variability
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associated with each evaluation measure and determine whether one method performs

consistently better than another.

5.6.1 A Brief Introduction

It is useful to briefly define the concept and terminology of hypothesis testing [47].
The goal is to determine whether we can reject a default assumption about the data.
There are only two alternatives, accepting or rejecting the hypothesis. Let ) define
the set of all possible alternatives and divide €2 into two mutually exclusive subsets
Qg and Q,. Our null hypothesis Hy for an unknown variable 6 is that {6 € Qg}.

There are two possible errors that can made: rejecting the null hypothesis when
it is true, or accepting the null hypothesis when it is false. A test cannot minimize
both types of error at once. Generally, hypothesis tests are designed so that the
probability of falsely rejecting Hy will not exceed a value «, called the significance
level of the test. The probability of falsely accepting Hy is called 3, and the power
of the test is defined as 1 — 3. The power measures the ability of the test to detect a
true difference.

A statistic X which measures € is computed from the data and X is compared to a
reference distribution which describes # under the assumptions of the null hypothesis.
It is then possible to calculate the probability that a value as extreme as X could occur
in the distribution of 8, given Hy. If it is less than « then Hy is rejected, indicating
that it is extremely unlikely that the assumptions made about # were accurate.

In our context, the null hypothesis will be that there is no difference in performance
between retrieval strategies and we use a significance test to determine whether we can
reject this hypothesis. Significance tests can be divided into two major categories,
parametric and non-parametric. Parametric tests assume that we can model the
scores using a common probability distribution. Non-parametric tests do not rely on
an underlying model and are generally based on ranks that are derived from the data.
Parametric tests tend to be more powerful because a lot of information is lost when
only ranks are used to test the data, but they can run into problems if the model

assumptions of the test are violated.
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Rather than defining an explicit value for a and describing the test results as either
positive or negative, we will instead simply compute the p-value, or probability that
the measured value could have occured given Hy, and use it to describe our degree
of confidence in the null hypothesis. A very small p-value will indicate that there
is extremely likely to be a difference between methods. The significance tests will
be divided into two categories, comparisons between two methods and comparisons

between more than two methods.

5.6.2 Comparisons between two methods

In this example, the experimenter wishes to compare between two retrieval methods
and decide if one is significantly better than the other. The measured values for both
methods will depend on the properties of the query, therefore they should not be
treated as independent samples from a single underlying distribution. Instead, the
measurements should be viewed as matched-pairs of observations for each query. For
comparison purposes, the values of the evaluation measures are not important, so

attention will be restricted to the difference between measures:
D, =Y, - X,

where X; and Y; are the scores of retrieval methods X and Y for query i. Three
different significance test will be considered, the t-test as well as its nonparametric

alternatives, the Wilcoxon signed ranks test and the Sign test.

5.6.3 The Significance Tests

The standard approach in this situation is to apply the paired t-test to the differences.

This test requires the following assumptions:
e [D;’s are mutually independent

e D.’s are normally distributed

The test statistic is:
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which under the hypothesis u(D;) = 0, follows the t-distribution *.
The most simple non-parametric test for matched pairs is the sign test. It uses
only the sign of D;, ignoring information about the magnitude of the difference. The

assumptions of the test are:
e [D;’s are mutually independent

e The measurement scale is at least ordinal within each pair, i.e. the relations

>’ <’ or =" can be determined

Define the statistics s™ and s~ as the number of queries with D; > 0 and D; < 0
respectively, and let n = sT 4+ s7. Any cases where D; = 0 are ignored. Under the

hypothesis that:

1
P(XZ>K):P(XZ<K):§

st is distributed as Binomial(n,1/2). Significance tests can be conducted using a

Normal approximation. The final test statistic becomes:

2t —
o 25t —n
Vn
which is compared to the standard Normal distribution.
Rather than ignoring the magnitude of D;’s, as is done in the sign test, the
Wilcoxon signed ranks test uses the ranks of the D; to test for significance. The

assumptions are:
e [D;’s are mutually independent
e The measurement scale of the D;’s is at least interval

o D;’s are symmetric and all have the same median

1
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CHAPTER 5. EVALUATION 73

Define the statistic:

R; = sign(D;) = rank|D;| and compute,
2R

VR

which for a sample size of n and no ties, can be simplified to:

_ > R;
V(o +1)(2n +1)/6

T =

Under the hypothesis, median(D;) = 0, this statistic will have the standard Normal

distribution.

5.6.4 Optimal two-sample tests in IR

The key question is which of these tests is optimal for information retrieval applica-
tions. The t-test is based on the assumption that the differences are described by the
normal distribution. Strictly speaking, this cannot be true for our standard measures
of precision and recall, since they are both discrete and bounded. However, it is well
known that other discrete bounded distributions such as the binomial can be well
approximated by the normal distribution. If the measure in question is the average
of many discrete values, such as precision averaged at nine levels of recall, then it
should be almost indistinguishable from a continuous variable.

Furthermore, the t-test is relatively robust to many violations of normality. Po-
tential problems, such as skewness (lack of symmetry) or outliers (very large or very
small values), can be tested by making a quantile plot of the data. A quantile plot
compares the ordered data to the expected value of a sample of equal size from the
standard normal distribution. If the normal distribution is reasonable, the points
should fall on a line.

Unfortunately, in the author’s experience, outliers tend to be a common problem
in retrieval experiments. Many queries give poor results regardless of which method is
applied, and the observed improvements in average retrieval performance often boil

down to a large difference for one or two queries. While these differences may be
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CHAPTER 5. EVALUATION 74

real and important, it is hard to make a general statement about the superiority of
a particular method on the basis of such results. This problem suggests that non-
parametric tests may be a more desirable alternative.

When choosing between the Wilcoxon and the sign test, it is interesting to examine
their asymptotic relative efficiency (ARE) compared to the t-test. The ARE measures
the limit in the sample size ratio needed to make the two tests equivalent under an
equal error-rate assumption. The ARE of the Wilcoxon test never drops below .864
with respect to the t-test, while it drops to 1/3 for the sign test for some distributions
[13]. Since the sign test relies only on the sign of the difference between methods, it
should not be surprising that it is less powerful than the alternatives. This indicates
that the Wilcoxon test is much more robust than the sign test in most experimental
situations, and we will rely primarily upon it in our two-sample retrieval experiments.
From a practical standpoint, all of these tests are easy to compute, so there is no
reason not to try all of them and look more closely at the data if there is significant

disagreement among them.

5.6.5 Comparisons between more than two methods

The situation changes when there are more than two retrieval methods to be com-
pared. A standard approach to this problem is to examine the data using a two-way
Analysis of Variance (ANOVA), which simultaneously tests for differences in the av-
erage score of each method, correcting for the effect of the queries. What advantage
does this have over performing a two-sample test for each pair of methods? First, the
number of pairs grows very rapidly with the number of methods, so performing only
one test saves a lot of work. Second, there is a problem with multiple comparisons.
The more paired tests that are conducted at the same significance level, the greater
the chance that at least one of the paired tests will produce a significant result when
there is actually no difference between the methods.

There are several non-parametric variations of the ANOVA. In general, these
methods replace the data with ranks based on the relative performance within each

query. While using ranks reduces the power of the test, it requires less restrictive
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CHAPTER 5. EVALUATION 75

assumptions about the error distribution. Only one nonparametric test, the Friedman
test, will be described here. Others can be found in Conover [13] or Hollander and
Wolfe [39].

All of these tests assume that the query effect and the effect of the evaluation
methods are independent and additive. An initial test is performed to determine
whether there is any difference between methods. If a difference is detected, a subse-
quent multiple comparison test determines which methods are significantly different.

The initial test statistic for the testing methods has the form: F = MSR/MSE,
where MSR is the mean-squared difference between retrieval methods and MSE is
the mean-squared error. If the average difference between retrieval methods is large
relative to the average error, then one can assume that the retrieval methods are sig-
nificantly different. The value of this statistic can be compared to the F-distribution,
which is the distribution of these scores if all retrieval methods are equally effective.

Assume the data consists of observations y;;, which correspond to the retrieval
performance of method j for query ¢, where 2 = 1...n and 7 = 1...m. Let y;
represent the average score for method j and y equal the overall average. Let Rj;
represent the rank of method j with respect to the other methods in query ¢ and
define R; = Y7, Ri;.

The standard model is:

Yij = o + B+ ey

This means the each observation y;; can be broken down into: the true mean perfor-
mance pu, the query effect «;, the retrieval method effect 3;, and the error ¢;;. The

query effect and method effect are assume to be independent and additive.

Two-way ANOVA

ny_, W-9)°
j MSR (m—1)
AT MSE ~ ., o—ui-5,49)?
(=1 (m=1)

tests for 5; = 0 for all j.
assumption: errors are independent and normally distributed

distribution under Hy: F distribution with m — 1 and (n — 1)(m — 1) degrees
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of freedom

If the F-test is significant, use multiple comparisons below.

ANOVA multiple comparisons
Gk — 51l ~ qp 5/

Tukey’s studentized range test
distribution under Ho: ¢, , the studentized range distribution with v = (n —

1)(m — 1) at significance level a and s = vV MSE. All mean differences that are

greater than the value shown are assumed to be significant.

Friedman test

n m

A=Y R and B= L3 B2
n i

=1 7=1

If there are no ties, A becomes:
A=nm(m+1)2m+1)/6

The final test statistic that will be used is:

_ MSR _ (n — 1)[B —nm(m+ 1)?/4]

IN = \IsE A—B

assumption: errors are independent and come from the same continuous distri-
bution

distribution under Hy: F distribution with m — 1 and (n — 1)(m — 1) degrees
of freedom

If the F-test is significant, use multiple comparisons below.

Friedman multiple comparisons

(A — B) ]

= e [ 2

distribution under Hy: Student’s t distribution with (n — 1)(m — 1) degrees of

freedom.
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CHAPTER 5. EVALUATION 77

A longer description of the ANOVA model, as well as tables of the F-distribution,
the t-distribution, and the studentized range statistic can be found in Neter et al.
[57]. Note that the test statistic £y is not the original statistic proposed by Friedman.
The original statistic was found to be inferior to Fy by Iman and Davenport [41].
More information on Friedman’s test can be found in Conover [13].

Which of these tests is most applicable in the context of information retrieval?
The two-way ANOVA would be preferred if its assumptions are satisfied. This can
be tested by fitting the ANOVA model and examining the errors using quantile plots,
just as was suggested for the two-sample case. In addition, one could look at the
variability of the errors with respect to each method or with respect to each query. If
the ANOVA model is correct, the error variability should be similar when compared
between methods. The error variability of the queries should also share this property.
In practice, it is likely that some queries will be much more variable than others,
and it follows that these queries will have more influence on the performance in the
ANOVA model. The researcher must decide if this is appropriate. Unequal variances
will not invalidate the model because the design is balanced, meaning that there are
no missing observations.

Both methods assume that the errors are continous. As stated previously, if the
evaluation method is the average of a large enough number of discrete measurements,
it should be basically equivalent to a continuous variable. One easy way to check this
is to look at the number of ties in the data. A large number of ties indicates that
the errors are not continuous. For this reason, measures such as average precision at
one level of recall, or average recall at one level of the DCV are not recommended
for these testing procedures. These measures have a small number of discrete values,
which may be poorly approximated by a continuous variable.

The Friedman test has an interesting property that may be considered an advan-
tage. Since its test statistic depends only on the ranking of scores with respect to
each query, the Friedman test will give the same answer for any monotonically increas-
ing function of the number of relevant documents. Almost all evaluation measures
fall into this category, including average precision, average recall and the E-measure.

This invariance property provides an element of consistency that is independent of

EX. 1038
APPLE INC. / Page 86 of 166


EPPSL
Sticky Note
None set by EPPSL

EPPSL
Sticky Note
MigrationNone set by EPPSL

EPPSL
Sticky Note
Unmarked set by EPPSL


CHAPTER 5. EVALUATION 78

the choice of evaluation measure. Normalization for differences between queries is
accomplished automatically by using ranks.

In actual IR experiments, we find that outliers are once again a problem. Once
again, for many queries performance seems remarkably insensitive to the choice of
retrieval method, with differences being dominated by one or two variable queries.
Therefore, we will tend to rely on Friedman’s test to determine if there is significant

difference between methods.

5.6.6 General Comments

It is important to make a distinction between statistical and practical significance.
Rejecting the hypothesis that two measures are equivalent based on a quantitative
test, such as the ones given above, results in statistical significance. Practical sig-
nificance is much more difficult to measure. It can be described as a difference in
performance that might be noticeable to the user. While one type of significance will
generally imply the other, they can sometimes be different. A 1% improvement in
recall may be detected by a powerful statistical test, but this will make little differ-
ence for the user. Conversely, a 10% difference in precision may not be statistically
significant, due to an insufficient number of queries or the inherent variability of the
data. Researchers should simply be cautioned to consider both the statistical signif-
icance and the magnitude of the difference in judging the effectiveness of evaluation
measures.

What if the test is not significant? This does not necessarily mean that there is no
difference between the methods, merely that the test was unable to detect one. This
is where tests on a number of different corpera can be useful. It is worth recognizing
that differences which are not statistically significant can still be important it they
occur repeatedly in many different contexts [44].

Statistical tests merely measure the significance of differences in average perfor-
mance. The average may or may not be a good summary statistic over a wide range

of queries, and so it is no substitute for directly examining evaluation results on a
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CHAPTER 5. EVALUATION 79

query by query basis. For very large experiments, this may not be feasible. Diagnos-

tic plots are also useful for determining if any of the queries exhibit unusual behavior

that deserves further study.
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Chapter 6

Classification Methods

Statistical classification methods are designed to distinguish between groups (relevant
and non-relevant) based on the distribution of the elements (documents) within each
group. The general statistical classification problem can be described as follows. A
population consists of two or more groups, and there exists a training sample for
which the class of each element is known and a test sample for which the class is
unknown. The goal is to produce a classification rule which will predict the class of
the unknown elements. The classification rule is generated from the training sample
based on a number of predictor variables that have been measured for both the
known and unknown observations. The routing problem is merely a special case of
the classification problem, since there are only two groups, relevant and non-relevant.

The challenge comes in producing a good set of predictor variables. If there are
too many predictor variables, the classifier will overfit the training data, which will
lead to poor performance on the test data. To give an extreme example, consider
using terms as predictor variables. It is likely that every relevant document in the
training sample has one or more unique terms associated with it. If one uses these
terms to define the classification rule, then the classifier will perfectly identify the
relevant documents in the training sample, but it will have no power to discriminate

over the test sample.

80
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CHAPTER 6. CLASSIFICATION METHODS 81

6.1 Properties of the IR Problem

As demonstrated in chapter 4, terms do not make an ideal set of predictor variables.
The most valuable terms for retrieval purposes occur in relatively few documents,
so large numbers of them are needed in order to adequately characterize a document
collection. The more common terms have far less power to discriminate among topics.
In addition, there are thousands of terms to choose from. Variable selection can be
used to reduce the size of the predictor set, but it does not address the fundamental
distributional problems associated with term-based variables.

As an alternative, we will turn to the technique of Latent Semantic Indexing,
which uses the singular value decomposition to produce a small set of indexing vari-
ables that explains much of the correlation in the original term by document matrix.
These factors are orthogonal, eliminating problems with term dependence, and dense,
capturing the relationships between a large number of terms in a single variable. It
is hoped that the LSI representation, when combined with statistical classification
should provide a more effective solution to the routing problem.

A great many different techniques for classification have been developed in statis-
tics, pattern recognition, and machine learning. The first task is to identify which
methods may be best suited to the IR problem. Despite the fact that LSI produces
a considerable dimension reduction when compared to the original term space, the
predictor space still consists of 100-200 variables. The classification method must also
be able to deal with a training sample of several thousand documents. Therefore, the
technique must be relatively efficient from a computational standpoint and work on
large, high dimensional problems.

In order to be competitive with the Vector Space Model, the classification rule
should be able to rank documents in order of their estimated likelihood of relevance.
Since so many documents are available, users must be able to select the number
of documents they wish to examine. In addition, a ranked output allows them to
examine the documents that the system predicts are most relevant first.

A typical document collection will cover a wide variety of subjects. A user’s

request is likely to be relatively specific, so only a small fraction of the collection
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CHAPTER 6. CLASSIFICATION METHODS 82

will be relevant to the query. Furthermore, the non-relevant documents do not really
define a class, since they cover all topics that aren’t related to the query, which means
that the typical pair of non-relevant documents are unlikely to have much in common.
These properties of the IR problem suggest that a very large training sample will be
necessary in order to: (1) find enough relevant documents and (2) get a reasonable
description of the distribution of non-relevant documents.

There are a few factors which make the IR problem more tractable. First, there are
only two categories, relevant and non-relevant, which simplifies the classification task
considerably. Second, when the model is based on LSI generated feature variables,
identification and interpretation of important features is not an issue. Classification
accuracy is the only measure that is significant. Even interpretation of term-based
classification rules is difficult, as they tend to require a large number of variables to
work effectively.

The work in this thesis will focus on two primary methods, discriminant analysis
and logistic regression. Discriminant analysis models each class with its mean vector
and covariance matrix and assigns new observations to the class that they are most
likely to belong to. Logistic regression estimates the probability of relevance under
the assumption that the log ratio of the class-conditional densities is linear. These
two methods will be described in detail in the next two sections. The last two sections

will describe other methods which could be applicable to this problem.

6.2 Discriminant Analysis

It is common to approach the classification problem by assuming that the populations
being analyzed can be modelled using the multivariate normal distribution. The mean
vector and covariance matrix is then estimated for each group, and new observations
are assigned to the group which they are most likely to belong to. This classification
technique is known as quadratic discriminant analysis, since it partitions the response
space along quadratic boundaries. Alternatively, the group covariance matrices can
be assumed to be equal, a special case which is known as linear discriminant analysis,

since it produces linear decision boundaries. However, linear discriminant analysis
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CHAPTER 6. CLASSIFICATION METHODS 83

can also be obtained using an alternative formulation, as described below.

6.2.1 The Discriminant Rules

The classical form of the two group linear discriminant analysis problem can be de-
rived as follows. Suppose that one has a sample of data from two groups with mean
vectors 73 and 7y and covariance matrices 57 and Sy respectively. The goal is to
find the linear combination of the variables that maximizes the separation between
the groups. A reasonable optimization criterion, as suggested by Fisher, is to max-
imize the separation between the means, scaling to reflect the pooled within groups

covariance matrix. In other words, choose a so that:

o — arg max aT(‘%l — T3)
a VatSa
is maximized, where (nq 4+ ny —2)S = (ny — 1)S1 + (ng — 1)55.
Since S is positive definite, we can define the Cholesky decomposition of S = RTR.

Let b = Ra, then the formula above becomes:

arg max bTRT_l(i’l — @)
b VbTh

which is maximized by choosing b o< R'™!(z; — #3), which means then that a* =

R~ = S~Y(Z; — ;). Therefore, the one dimensional space defined by y = a*z
should cause the group means to be well separated. In most classification problems,
new observations are classified as belonging to the group with the closest mean vec-
tor, perhaps scaling for an unequal loss function or the prior probabilities of class
membership. However, for use in information retrieval, a simple ranking of the data
is sufficient. This approach to linear discriminant analysis can be generalized to more
than two groups [29].

If the two populations are assumed to be normal with a common covariance matrix,
ie.

_ _ 1 _
filw) = 207?25 1/2651?]9[—5(51? — ) 'S @ — )]

then the log likelihood ratio of group membership is:

fi(x) 1

L =log fal2) = _5(5(‘%7#172) — 0(x, p12, X))

EX. 1038
APPLE INC. / Page 92 of 166


EPPSL
Sticky Note
None set by EPPSL

EPPSL
Sticky Note
MigrationNone set by EPPSL

EPPSL
Sticky Note
Unmarked set by EPPSL


CHAPTER 6. CLASSIFICATION METHODS 84

8(,p1,B) = (& — p)' S (& — p)

the quadratic components cancel and the rule reduces to:
L= SI?TZ_I(/M — p2) + Co

It p4; and ¥ are replaces by their unbiased estimates x; and 5, this is equivalent to

the discriminant rule derived above [53]. The quadratic discriminant rule is simply:

1
L= _5(5(3?7#1721) = 8(2, 12, X2))

Either the linear or the quadratic rule can be used to induce a ranking of documents
according to their likelihood of relevance, and the ranking can be compared to the

results produced by traditional retrieval strategies.

6.2.2 Linear vs. Quadratic

Given a choice between linear and quadratic discriminant analysis, which method
should be preferred? The first consideration should be the quantity of sample data.
Let n; be the number of observations in group ¢ and p be the number of variables.
It n; < p, the covariance matrix of the group cannot be completely determined. If
n; is only slightly greater than p then the estimate of the covariance matrix will be
extremely variable. In either of these cases, the linear discriminant rule is likely to
be far more successful. If n; > p, then the quadratic discriminant rule should work
better, unless there is strong evidence that the group covariance matrices are equal.
However, that still leaves a wide middle ground to be considered. In general the
performance of the quadratic rule improves as heteroscedasticity increases and as the
separation between groups decreases. The choice reduces to the traditional variance-
bias trade-off. The linear rule reduces the variance in the parameter estimates, but
at the expense of having biased estimates of the covariance matrices [53].

For problems in information retrieval, there will rarely be more relevant documents
than variables, so quadratic discriminant analysis will generally be out of the question.
Unfortunately, the assumption of homoscedasticity seems particularly poorly suited

to information retrieval, where the relevant class is very precisely defined and the
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CHAPTER 6. CLASSIFICATION METHODS 85

non-relevant class is a grab bag of everything else in the collection. Fortunately,
there are methods which do not force us to make a binary selection between linear

and quadratic discriminant analysis.

6.2.3 Regularized Discriminant Analysis

It has been mentioned that when n; is small relative to p, the covariance matrix 5;
is poorly estimated. It is useful to examine the estimation problem in more detail.
Using the spectral decomposition, a covariance matrix 5; can be represented as:
S; = Zk: )\zkuzkujk ) Si_l = Zk: uz)]\g—fk
where u;;, and A are the k’'th eigenvector and eigenvalue of S; respectively. It is an
unfortunate fact that the estimates A;; are biased. In particular, the larger eigenvalues
are biased upwards and the smaller eigenvalues are biased downwards. A heuristic
explanation for the largest and smallest eigenvalue is provided below. For more
general results, see Cacoullos and Olkin [10].
The largest eigenvalue satisfies:
a'Xa

ata

A (X) = max

a

A scalar function of matrix is defined to be convex if:
gt X +(1=1)*Y)<txg(X)+(1—1t)*g(Y)

Let 21 = M (X), y1 = M(Y), and choose a st A (tX + (1 — ¢)Y) is maximized, then:
atXa a'Ya

< x7 and
ata — ! ata

<

which means that Ay is convex. Jensen’s inequality, which states that Fg(X) >
g(EX)if g is convex, can be generalized to matrix functions [10]. Therefore, F(A1(.S)) >
A1(X). A similar arguement can be make for A, using the fact that the minimum is
concave and Jensen’s inequality is reversed for concave functions.

Since the discriminant rules are based on the inverse of the covariance matrix,

this bias means that the importance of directions defined by the eigenvectors with
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the smallest eigenvalues is greatly exaggerated. In order to mitigate this effect, it is
desirable to obtain more reliable estimates of ¥;. Regularization, introducing bias in
the hope of reducing variance, is a reasonable approach to this problem [26]. Linear
discriminant analysis represents one relatively extreme regularization method. One
can imagine a much more reasonable set of regularization alternatives.

Friedman [26] introduces the concept of regularized discriminant analysis (RDA)
by presenting a pair of shrinkage parameters which produce a very general family of
estimators for };. Rather than simply choosing between the pooled and unpooled
covariance matrices, one can consider using some weighted combination of them.

S0\ = (I =X)(n;—=1)S; + AM(n—g)S
(1= A =)+ A(n —g)
A = 0 yields QDA while A = 1 describes LDA. However, A can be chosen to be any

value between (0 and 1.

While the regularized covariance matrix above gives a more general alternative
to either LDA or QDA. it may be desirable to to have even more regularization. If
n = Y n; is only slightly larger than p it may not even be possible to estimate the
pooled covariance matrix accurately. In this case, it may be helpful to shrink the
covariance estimate towards a very stable alternative, such as the identity matrix. If

this is combined with the regularization described above, we obtain:
A A "}/ A
A7) = (=)0 4 (A

The regularization parameter v decreases the estimates of the largest eigenval-
ues and increases the estimates of the smallest eigenvalues, thus countering the bias
inherent in 5;. When combined, these parameters produce a relatively large family
of estimators that should be suited to a wide variety of situations. Friedman [26]
presents a series of simulations that show that regularized discriminant analysis per-
forms at least as well as LDA and QDA and usually considerably better for a number
of different distributions for the group covariance matrices.

In order to use RDA, the two regularization parameters must be estimated.
Friedman estimates the optimal parameter settings by jointly minimizing the cross-

validated error rate over a grid of values. He derives updating formulae which allow
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the regularized estimates to be computed relatively efficiently. It turns out that re-
moving an observation from the covariance matrix is equivalent to down-dating it
by a rank-one matrix plus a multiple of the identity. Both of these operations can
be accomplished without reinverting the covariance matrix. Additional savings come
from the fact that for fixed A the eigenvectors are independent of v and thus do not
need to be recomputed to update by different multiples of the identity matrix.
Regularization seems like an excellent idea for the IR problem. There are too few
relevant documents to properly estimate X,, but it is unlikely that ¥, = ¥, = X.
Regularization towards quadratic discrimininant analysis would allow us to use some
of the information in S, without being too heavily penalized for its large variability.
Even after dimension reduction using LSI, there are still 100-200 variables in the
model, so regularization towards the identity may also be helpful. Unfortunately,
the size of the problem is such that optimization over a two-dimensional grid of
parameter values using cross-validation will not be feasible, particularly on a query
by query basis. Instead it will probably be necessary to remove a validation set from

the original training set and use it to select the optimal regularization parameters.

6.3 Logistic Regression

Regression is a general term in statistics used to describe a variety of techniques
for modelling a response variable using one or more predictive variables. Linear
regression, which models the response by a linear combination of the predictors, is
the simplest and most widely used of these methods. In information retrieval, we
want to use regression to estimate the probability of relevance of each document,
taking the LSI factor scores of the document as its predictor variables. Unfortunately,
linear regression assumes that the response variable is continuous and supported on
the whole real line, while our data is binary in nature (e.g. 1 = relevant, 0 = not
relevant).

While linear regression could be applied to our data, it would produce a poor
model due to its least squares optimization criterion. Linear regression minimizes

the sum of the squared differences between the observed and predicted values. If the
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response variable is binary, least squares penalizes very high scoring and very low
scoring documents in a misguided effort to squeeze their predicted values as close to
zero or one as possible. In order to avoid this behavior, the predicted values must be
allowed to vary over the whole real line and then transformed in such a way that the
probability estimates will fall on the unit interval.

The logistic link function: ¢g(7) = log(x/(1 — 7)) is one function that has this
property. Fitting a model of the form:

g(mi) =ni =3 w3

is known as logistic regression. Using logistic regression, we can estimate the 3;’s
using the training data and apply the resulting model to estimate the probability of
relevance of each document in the test data. The documents can then be ranked and
the results compared to other methods using the traditional evaluation measures.
The parameters of the logistic model can be estimated using maximum likelihood
[52]. Each response y; is assumed to come from an independent binomial random
variable with n; trials and a probability of relevance 7;. Note that n; = 1 for all 7,
since no two documents have the same distribution of term or LSI factors. The log

of the likelihood function (ignoring constants) has the form:

Limy) = Y [yilog(~——) + log(1 — ;)]

i 1—7‘(’2'

We can maximize the likelihood by setting the partial derivatives 6L/63 = 0,
which is accomplished using several iterations of the chain rule:

5_L _Z oL 57‘(’2' 5772
6B S bmiomi 8Pk

yielding the result that:
oL
5—5k = Z (yi — mi)wik
Since the likelihood equations are nonlinear in 3, they must be solved by an

iterative method. Given Bo, we can compute 19 and 7y and estimate Bl using Newton-

Raphson:
%L » . oL
=) = 5
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CHAPTER 6. CLASSIFICATION METHODS 89

We find that:

'L _Z ,(1 ) o
56k56[ — i Up T3 ) XikT4

If we define W to be a diagonal matrix with entries w;; = #;(1 — 7;), then we can
rewrite the Newton-Raphson equation as:

Y, — T

XTWXB = X'Wz where z = n+ ——
7'('2(1 — 7'('2')

Therefore, the equation reduces to a weighted least squares problem, which can be
solved iteratively using standard regression techniques.

Logistic regression suffers from some of the same problems as linear discriminant
analysis. It requires considerably more data points than variables to obtain accurate
estimates of the parameters and the fitted values. The small sample of relevant
documents will make it extremely sensitive to relevant documents that are outliers
in the parameter space. Furthermore, it requires considerably more time to compute
than LDA since the weighted covariance matrix must be inverted during each iteration
of least squares as opposed to just once for LDA. This becomes a concern with the
large data matrices used in information retrieval problems. Logistic regression does
bring along a large suite of diagnostic tools for estimating the significance of the
parameters, but since we are interested only in the predictive power of the model, these
tools do not have a lot of value in information retrieval. However, it is worthwhile to

have a reasonable alternative to discriminant analysis.

6.4 Optimal Separating Hyperplanes

Both LDA and the logistic model are linear classification methods because their de-
cision rules can be expressed as a linear combination of the predictor variables. This
is equivalent to saying that the classification boundary between two groups is given
by a hyperplane in the predictor space. An alternative classification strategy is to
find the optimal separating hyperplane directly by minimizing some measure of the

error associated with the misclassified observations. One such approach is to solve

EX. 1038
APPLE INC. / Page 98 of 166


EPPSL
Sticky Note
None set by EPPSL

EPPSL
Sticky Note
MigrationNone set by EPPSL

EPPSL
Sticky Note
Unmarked set by EPPSL


CHAPTER 6. CLASSIFICATION METHODS 90

the following optimization problem [5]:

1 i3
d(—alw )+ =3 (Mt + 1)y

i=1 j=1
where a; and b; are the feature vectors for the observations from the two groups, w
is a weight vector, and ~ is a constant.

The solution to this problem will generate the plane w2 = 4 which minimizes the
average [ distance of any points which lie on the wrong side of the plane from the
majority of the group. The additional factor of one in the summations is arbitrary
and could be replaced by any positive constant. It is included to screen out the
degenerate optimal solution w = 0, v = 0. Note that penalties are scaled by the size
of the group so violating points from the smaller group are penalized more heavily.

Since the L;-metric is used to accumulate the errors, the optimization problam
can be re-expressed as a linear program and solved using classical techniques such as

the simplex method. The linear program is defined as follows:

min{%—l—%|Aw—e’y—l—yZe, —Bw+4ey+z>e, y>0, z>0}
WYsYE T m n
where and A and B are data matrices for the two groups and e¢ = [1,...,1]. Our

experiments using this method relied on the Minos numerical optimization package
obtained from the Systems Optimization Laboratory at Stanford University [56].

In practice, this optimization strategy was not found to be particularly effective
for the information retrieval problem. The location of the separating plane tended to
depend too much on the location of one or more violating relevant documents, whose
penalty terms were heavily magnified by the averaging process. By concentrating
only on the boundary conditions, the technique does not attempt to capture the
structure of the correctly classified relevant documents, which may contribute to its

poor performance for the information retrieval problem.

6.5 Classification Trees

The classification problem can be approached in a completely different manner by

creating a classification rule that is based on a binary tree. This method is often
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CHAPTER 6. CLASSIFICATION METHODS 91

known as recursive partitioning or classification trees [7]. At each node in the tree,
the system decides between the two sub-branches by examinining a binary decision
rule that is generally based upon a single variable (e.g. @; > ¢). The system derives
the binary decision rule at each node by maximizing a purity measure of the two
subsets over all possible binary splits that could be applied to the predictor variables.
Splitting continues until the terminal nodes are pure (all elements are from the same
group) or until the node falls below the default size threshold.

The initial splitting procedure produces a nested sequence of trees, where the first
tree consists only of the root node and each subsequent tree adds splits along every
eligible terminal node of the preceding tree in the sequence. Since the final tree will
almost certainly overfit the training data, the goal is to determine how many branches
(splits) must be pruned from the complete tree to produce the classification tree that
will be most successful at categorizing new data. The optimal tree is chosen by cross-
validation using a cost complexity function that balances the estimated error rate and
the size of the tree.

Classification trees have been previously applied in information retrieval with
mixed success. Lewis and Ringuette [49] apply it to the text categorization problem
on the Reuters collection and achieve reasonably good results. Tong et. al. [78] apply
it to the routing problem on the TREC corpus where it is not nearly as successtul.
Both implementations use words as features. The different levels of performance can
be traced to differences in the problem and in the test collections. Wiener [82] reports
that a large fraction of Reuters topics can be well classified using a very small number
of terms. For example, for the topic labelled “Wheat”, it should not be surprising
that presence of the word “wheat” alone serves as a very strong indicator of class
membership. The TREC topics defy such simple categorization and require much
more complex combinations of terms.

Tong’s results are quite similar to our own. Classification trees did not prove
to be very successful in any of the routing applications on which they were tried.
The primary reason appears to be the fact that they split along a single variable.
It quickly became clear that the relevant region for typical queries in information

retrieval depends on combinations of large numbers of variables. Classification trees
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CHAPTER 6. CLASSIFICATION METHODS 92

are not very successful for these problems, because they must split on one variable at
a time. In addition, they do not provide a complete ranking of the documents in the
collection, since elements in a terminal node have the same score. This complicates
the problem of evaluation.

The advantages of the classification tree approach are its ability to pick up unusual
interactions among the variables and the easy interpretation of the classification rule.
Neither of these advantages prove to be particularly useful when LSI factors are
used as feature variables. The LSI factors are constructed to be orthogonal, so the
chances of an important interaction in the model are significantly reduced. Once the
features are transformed into factor space, any hope of simple interpretation of the
classification rule is lost. While it is possible to apply classification trees using splits
along linear combinations of the variables, these methods are not computationally
feasible for the size of training sets used for the information retrieval problem.

Other methods that could be considered include neural networks and a host of
other flexible non-parametric methods for data classification. These methods are not
examined in this thesis for several reasons. First, they tend to be computationally
intensive, so it would be difficult to train them on large IR data sets in a reasonable
amount of time. Second, the key advantage of these methods is their ability to
capture interactions and non-linear structure. The large number of feature variables
makes identifying important interactions difficult and it is unlikely that the data in
information retrieval is of high enough quality (due to the small number of relevant
documents) for a classification rule to be able to capture nonlinear structure. Schuetze
[73] has achieved very good results using neural networks to solve the routing problem,
however he reports that performance gains from using a nonlinear component in the
network are very small. Our experimental work, which will be presented in the
two following chapters, will be based primarily on discriminant analysis and logistic

regression.
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Chapter 7
Retrieval Experiments: Cranfield

In previous chapters, we have described the standard approaches to the information
retrieval problem and some of the attempts to improve upon the basic model. As
discussed in chapter 5, computer simulation experiments are a good way to objectively
compare the performance of different retrieval strategies. These experiments are based
on a predetermined set of queries which have known relevant documents. This chapter
will present results from a series of retrieval experiments conducted on the Cranfield
collection.

The IR problem can be divided into three categories: adhoc search, relevance
feedback, and routing. In the adhoc search problem, the system analyzes the query
and converts it into a mathematical representation (e.g. a vector of weighted term
frequencies) which is then used to rank the documents in the collection. The in-
formation available to the system is limited to the text of the query, so improving
performance using statistical methods is relatively difficult. Better results can be
obtained primarily by finding an improved representation of the query.

In relevance feedback, it is assumed that the user will examine some of the highest
ranking documents, determine if they are relevant, and submit this information to the
system for use in a revised query. Once again, information is limited but it is possible
that a sequential classification algorithm might provide improve performance when
compared to the standard model. In routing, the system can draw upon a significant

sample of previously evaluated documents when constructing the query. Routing
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CHAPTER 7. RETRIEVAL EXPERIMENTS: CRANFIELD 94

is identical to the statistical classification problem and holds the greatest potential
for obtaining improved results using more complex classification algorithms. The
majority of the experimental work presented here will be directed towards obtaining
better solutions to the routing problem.

This chapter will present the results of a series of computer experiments. It
will begin by describing the Cranfield collection, presenting summary statistics to
provide a picture of the word frequency distributions within queries and documents.
It will then examine the impact of term weighting and document normalization on
performance, with the goal being to provide a measure of the sensitivity of evaluation
measures to these issues. Subsequent experiments will produce baseline results for
relevance feedback and routing based on the Vector Space Model.

Since the information content of individual terms is relatively limited and a huge
number of terms are available to serve as predictors, it is vital to perform some de-
gree of dimension reduction before turning to a statistical classification algorithm. As
described in chapter 4, Latent Semantic Indexing (similar to Principal Components
Analysis but based on the singular value decomposition) shows the most promise
among the potential dimension reduction strategies available for IR problems. There-
fore, in the next experiment we compute the LSI solution for the Cranfield collection
and examine its performance with respect to the baseline values. Finally, we make
an initial attempt to improve performance for routing by applying a classification

algorithm.

7.1 The Cranfield Collection

The Cranfield corpus is a collection of abstracts of journal articles on the subject
of aeronautical engineering. The version used in these experiments contains 1397
documents and 225 queries. The documents have 6174 unique terms, after removing
a stop list of frequent terms and applying a stemming algorithm developed at Xerox
PARC. All subsequent details presented here are based on this processed version of

the original collection.
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CHAPTER 7. RETRIEVAL EXPERIMENTS: CRANFIELD 95

The Cranfield collection was selected as the basis for our initial retrieval experi-
ments for a number of reasons. The Aslib-Cranfield project, conducted in the 1960’s,
was one of the first attempts to test the performance of IR systems using computer
experiments, and it was based on this collection [12]. Since then, Cranfield has been
used in countless retrieval experiments and represents one of the standard collections
for evaluation in the IR community. It also is a small enough collection that system
processing time will not become an issue during the course of the experiments. Fur-
thermore, it has a large enough sample of queries that any observed differences in
performance are likely to be statistically signficant.

Before moving on to the actual experiments, it is helpful to present some summary
statistics that characterize the distribution of terms over queries and documents. The

table below gives the distribution of term frequencies and counts over the collection:

terms freq.count | doc.count

1 2200 2458

2-4 1573 1600
5-10 847 785
11-20 474 457
21-50 505 450
51-100 248 212
101-200 166 131
201-500 117 T4
501-1000 37 7
1001-2000 6 0
2001-5000 1 0

The column labelled freq.count displays a histogram of the number of terms that
occur within the given frequency range over the collection. The doc.count column
displays a histogram of the number of terms that occur within the specified number
of documents over the collection. The heavily skewed distribution is typical for terms
in language.

Figure 7.1 shows histograms of the distribution of document lengths, query lengths,

and the number of relevant documents per query. The average document length is
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Figure 7.1: Cranfield: Summary Statistics

EX. 1038
APPLE INC. / Page 105 of 166


EPPSL
Sticky Note
None set by EPPSL

EPPSL
Sticky Note
MigrationNone set by EPPSL

EPPSL
Sticky Note
Unmarked set by EPPSL


CHAPTER 7. RETRIEVAL EXPERIMENTS: CRANFIELD 97

106 terms. Since the documents are abstracts, they tend to be only one or two para-
graphs long. The average query length is 11 terms. Most of the queries are only one
sentence long. A sample query is shown below to give the reader an idea of the style

and content of queries:

How do interference-free longitudinal stability measurements (made using
free-flight models) compare with similar measurements made in a low-

blockage wind tunnel?

Both of these histograms are based on the document and query representation after
stemming and stop list removal. There are an average of only eight relevant docu-
ments per query, ranging over queries from as few as two to as many as 40 relevant
documents. The small number of relevant documents will cause problems, particu-
lar for the routing task, and represents one of the hazards of dealing with a small

collection.

7.2 Baseline Experiments using the VSM

Before any improved retrieval models can be analyzed, it is important to establish a
baseline level of performance against which other strategies can be compared. Since
the Vector Space Model is probably the most common benchmark in information
retrieval and it typically performs well under a wide variety of conditions, it will be
used to a compute the baseline level of performance for query-based search, relevance
feedback, and routing. This will also verify that the search routines written by the
author are accurate and can attain a level of performance comparable to the results
obtained in other research experiments on this collection.

This section begins with a brief discussion of the author’s implementation of search
routines using the Vector Space Model. It then describes a series of retrieval experi-

ments which produce baseline results for the three retrieval problems discussed above.
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CHAPTER 7. RETRIEVAL EXPERIMENTS: CRANFIELD 98

7.2.1 Implementation of Vector Space Search

As described in chapter 3, the Vector Space Model represents queries and documents
by vectors of weighted term frequencies and estimates the similarity between them by
the inner product of their corresponding vectors. In practice, however, the document
scores are not computed in this fashion, since it is inefficient to read in the full term
vector representation of every document in the collection to conduct a search. Rather,
the document scores are computed term by term using the inverted index.

The search is initiated by creating two vectors of length equal to the number of
documents in the collection with each entry initialized to zero. Then, the system
looks up the first query term in the inverted index to determine which documents
contain that term. The product of the query weight and the document weight for
that term is then added to the document entry of the score vector. The second vector
is used for normalization and accumulates the document weights alone. This process
is repeated for each term in the query. At the end, the document score vector is
divided by the document normalization vector to obtain the final document scores.

A diagram of this process is given below:
1) Initialize a document vector D and norm vector V.
2) Compute the query weight vector ) = {¢;}.
3) For each term ¢ in the query, do:

(a) For each posting j in the index entry of term ¢, do:
(b) Compute weight d;; and add normalization factor n(d;;) to entry n; of N.

(c) Compute ¢; * d;; and add it to to entry d; of D.
4) Set d; = d;/n; to produce the final normalized score vector.

The score vector is then used to compute the ranks of the relevant documents.
Since all relevant documents are considered equally valuable, there is no need to
differentiate between them. A full ranking of the document scores is not required.

Rather, we can proceed as follows:
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CHAPTER 7. RETRIEVAL EXPERIMENTS: CRANFIELD 99

1) Rank the relevant documents in order from lowest similarity d; to highest sim-

ilarity d..

2) Initialize a rank vector R = {r;} of length equal to the number of relevant
documents. The highest scoring relevant document receives an initial rank of

1, the 2nd highest an initial rank of 2, etc. . . .
3) For each non-relevant document score n;, do:
4) Let ¢ = 1.
5) in; >diyri —ri+ 1,0« i+ 1, repeat (5), else j «— 7 + 1, go to (4).

The final rank vector R contains the ranks of the relevant documents and can be
passed on to an evaluation algorithm. For the experiments conducted here, evaluation
is based primarily on precision averaged at 10% through 100% recall, for two reasons.
First, this makes it easier to compare our results with experiments by other researchers
on this collection, which tend to use a similar measure. Second, we will be conducting
a large number of retrieval experiments and so will not have the time to carefully
analyze every result using more than one retrieval measure. The average of the
precision-recall curve is probably the best single measure to reflect performance over

a wide variety of recall levels.

7.2.2 Term Weighting and Basic Search

Using the algorithms defined above, we can now implement search strategies based
on the Vector Space Model. The first experiment examines the most important
factor that influences search performance, the choice of term-weighting strategy. As
described in chapter 3, query and document weights are usually based on the following

weight functions, using ¢ as the term index:
Query(Q): ¢; = TF (¢t f;) * TW, |, Document(D;): d;; = TF(dtf;;)/N(D;)

where ¢t f is the query frequency, dtf is the document frequency, TF is the term
frequency weight, TW is the term importance weight, and N is the normalization

function.
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CHAPTER 7. RETRIEVAL EXPERIMENTS: CRANFIELD 100

There are three goals in this experiment: (1) find reasonable weighting functions
TF, TW, and N for use in future experiments, (2) establish a baseline performance
level for query-based search, and (3) get some perspective on the degree of variability
associated with choosing different term weights. Attention will be restricted to a
very limited set of weighting options that have been found to work well in previous
term-weighting experiments. The initial run examines the following options for term
frequency and term importance weights. All documents are normalized to have unit

length based on the Ly-norm.

TF1: log, tf TWI: log, N/n;
TF2: Vit TW2: (TW1)?
TEF3: tf TW3: log, N —> px*logp
TF4: if (tf > 0) 1 else 0 TW4: (TW3)?

tf = term frequency (in query or document) , p = tf/3> tf

n; = # docs containing i , N = # docs in collection

It is generally accepted that the importance of a term increases at a rate no greater
than its frequency (TF3). The opposite extreme is to ignore frequency entirely and
use binary weights (TF4). Two intermediate transformations of the data are also
tested. The entropy or S/N ratio (TW3) and the inverse document frequency or IDF
(TW1) are described in chapter 3. The IDF score is derived from the entropy score
using binary term frequencies. The square of these weight functions corresponds to
using importance weights for both the query and the document. Since TW is constant
over documents, it is more computationally efficient to incorporate it into the query
weight.

The experiment will examine all combinations of the factors above. The queries
in Cranfield are short enough to permit a large number of experimental runs. The
results can be analyzed using a three-way ANOVA [51], modelling TF and TW as
fixed effects and the Query as a random effect. The interaction between TF and TW
will also be tested.
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CHAPTER 7. RETRIEVAL EXPERIMENTS: CRANFIELD 101

Df Sum of Sq Mean Sq F Value Pr(F)
Term.Freq 3 7.363 2.4542 65.898 0.000
Term.Wt 3 0.399 0.1330 22.704 0.000
Query 224 241.579 1.0785
Term.Freq:Term.Wt 9 0.042 0.0046 1.761 0.071
Term.Freq:Query 672 25.027 0.0372
Term.Wt:Query 672 3.936 0.0059
Residuals 2016 5.285 0.0026

Clearly, the choice of TF and TW both influence performance. The magnitude of
the interaction term is very small in comparison, so it is fair to assume that there is
no interaction between TF and TW. A table of the average precision-recall scores by

weight category is given below:

TW1 TW2 TW3 Tw4
TF1 | 0.355 0.364 0.349 0.356
TF2 10367 0.374 0.364 0.369
TF3 10345 0.356 0.333 0.345
TF4 1 0.298 0.310 0.288 0.299

Using the square root of term frequency gives the best performance, but log and
raw frequency are fairly close. The only clear loser is binary weights. It makes sense
to use the square root transformation from several other perspectives. First, the L,-
norm of the square root transformed data is simply the square root of the document
length, which has been pre-computed for all documents. Second, the term frequencies
are count data, and while they don’t exactly follow the poisson distribution, it is
probably the best first-order approximation. The square root is well known as the
variance stabilizing transformation for the poisson distribution [6], and equal variance
is a desirable property for term weights.

The IDF performs slightly better than the entropy measure, and using the square
of the factors is marginally preferred. The practical signficance of these results is
limited. It might seem that since the entropy weights use more information than

the IDF that they should produce better results. However, the documents are short
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CHAPTER 7. RETRIEVAL EXPERIMENTS: CRANFIELD 102

enough relative to the frequency of the terms that the probabilities used in the entropy
calculation probably cannot be estimated accurately. Since the IDF is much easier to
compute, it is definitely preferred.

A similar experiment tested the impact of several different options for the nor-
malization function, and the results (not detailed here) led to two conclusions. First,
the Ly-norm performs better than the Li-norm. Second, it is better to normalize
documents before multiplying by the term importance factor, rather than after. This
make some intuitive sense. One would not want the term weights of the rest of the
document to drop sharply when a few unique terms are added to the document. The
Lay-norm is also the easiest to compute under the square root frequency transforma-
tion, as described above.

Based on these results, the following term weighting scheme has been chosen for

subsequent experiments:

(dtf)

Query(Q): ¢; = M* log N/n;” , Document(D;): d;; = m

Sim(Q, D;) = Zqz' * dij

To put these results in perspective, we can compare them to other experiments on
the same collection. The authors described below use average precision at 25%, 50%,
and 75% recall. The score of our weighting methods described above is 0.386 under
this measure. Experiments by Harman [33] and Salton [69] obtain the values 0.146
and 0.116 respectively for the same collection. It is hard to explain why these results
are so much worse. Perhaps the other researchers were using a different version of the
collection, for it is nearly impossible for a difference of this magnitude to be accounted
for by an alternative choice term weights, stop list, or stemming algorithm. However,
Aalbersberg [2] obtains a score of 0.390, which is right in line with our results. This
indicates that our system is working as designed and obtaining values comparable
with the best results obtained by other authors.

Note that no claim is being made that these weight functions are optimal in any
sense. The experiment above examines a very limited family of weighting strate-

gies over a small document collection on a very specialized topic. However, other
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CHAPTER 7. RETRIEVAL EXPERIMENTS: CRANFIELD 103

researchers have found that this class of weighting functions performs robustly over

a number of different experimental test collections.

7.2.3 Baseline: Relevance Feedback

Relevance feedback improves performance by incorporating the text from relevant
documents identified by the user into a revised query. Our experiments will use a

variant of the Rocchio method described in chapter 3:

D, D,
Qbe:k*Q + o d* J
ot 2l 2 1By

1€Te jEnre

This strategy adds the sum of the relevant documents and subtracts a weighted sum
of the non-relevant documents from the query. The following parameters can be

adjusted in this model:

1) The number of documents examined between each iteration of relevance feed-

back.
2) The importance of the query (k).
3) The weight of non-relevant documents (d)
4) The number of terms to use in feedback experiments (n).

A revised query is computed for each iteration of relevance feedback and the query
is then compared to all documents that haven’t yet been evaluated. Aalbersherg
[2] found that the best performance could be obtained by performing an iteration
of feedback for each new relevant document that is discovered. He conducted an
exhaustive set of experiments on the Cranfield collection, so there is no reason for us
to duplicate his effort. Therefore, we will simply adopt this strategy.

The query importance weight will determine the stability of the query during the
initial iterations of the feedback process. It can be thought of as a prior estimate of
our confidence in the query. If it is large, then the query will only change slightly
during each iteration. If it is small, then the revised query will be dominated by the

distribution of the evaluated documents. It is also interesting to measure the influence
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CHAPTER 7. RETRIEVAL EXPERIMENTS: CRANFIELD 104

of the non-relevant documents and determine whether they have a signficant impact
on performance.

There are several reason why it might be helpful to be selective in adding terms
from the newly evaluated documents. Harman [33] found that the best performance
during feedback could be obtained by carefully selecting a small number of terms to
add to the query. Furthermore, relevance feedback is an expensive process, so if good
results can be achieved with a lot fewer terms, this is a considerable advantage. We
rank terms according to their query weights as given by the current feedback query
and truncate the query after n terms. Note that the list is dynamic and terms can
enter or leave the list as their significance with respect to the query changes.

We will examine the following values of the parameters:
k=2,6,10 d=0,0.2,0.4 n=20,60,100

Since relevance feedback is considerably more expensive than a simple query search,
we will not look at all combinations of the parameter settings. Rather, we will use an
orthogonal array to select nine combinations of the parameters such that the design is
balanced in all two-dimensional margins [58]. The layout and its results are presented

below:

k d n|vk v.d van| pr
10 0 60 1 -1 0| .489
10 0.2 20 1 0 -1/.462
10 0.4 100 1 1 1] .481
0 100 -1 -1 1] .491
0.2 60| -1 0 0| .482
04 20| -1 1 -1 .445
0 20 0 -1 -1].465
0.2 100 0 0 11].493
0.4 60 0 1 0| .480

Sy OOy NN N

where v.k, v.d, and v.n are the standardized values of k, d, and n that will be used

to analyze the experimental results.

EX. 1038
APPLE INC. / Page 113 of 166


EPPSL
Sticky Note
None set by EPPSL

EPPSL
Sticky Note
MigrationNone set by EPPSL

EPPSL
Sticky Note
Unmarked set by EPPSL
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Since all of these parameters are continuous, we can fit a quadratic response surface
with no interactions to the data to estimate the parameter setting that will obtain

optimal performance.

Call: lm(formula = p.r ~ v.k + v.k"2 + v.d + v.d"2 + v.n + v.n"2)
Coefficients:

Value Std. Error t value Pr(>ltl)

(Intercept) 0.4888 0.0013 362.8152 0.0000
v.k 0.0025 0.0006 3.9822 0.0577
I(v.k"2) -0.0041 0.0011 -3.8422 0.0616
v.d -0.0064 0.0006 -10.2896 0.0093
I(v.d"2) -0.0035 0.0011 -3.2867 0.0814
v.n 0.0153 0.0006 24.6148 0.0016
I(v.n"2) -0.0108 0.0011 -9.9526 0.0099

Residual standard error: 0.001528 on 2 degrees of freedom

Multiple R-Squared: 0.9977

Since the quadratic terms are all negative the surface has a maximum value. It oc-
curs at k = 7.2, d = 0.02, n = 88. Therefore, the surface is maximized (approximately)
by giving the query a weight of seven relevant documents, assigning a non-relevant
document 2% of the weight of a relevant document, and keeping only the 88 most
important terms. Since the value of d is so small, we will simply set it to zero, since
ignoring the non-relevant documents saves a great deal of computing time. When
relevance feedback is run again, the final performance value obtained is 0.496. This

matches very closely with the value of .499 obtained by Aalbersberg.

7.3 Baseline: Routing

The routing query benefits from drawing upon a large sample of previously evalu-
ated documents. In an ideal routing experiment, the corpus would be divided into a

training set of known relevant and non-relevant documents and a test set of unknown
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documents to use for evaluation. However, with an average of only eight relevant
documents per query, the Cranfield collection does not have enough relevant docu-
ments for this strategy to be feasible. We can still conduct a reasonable analysis by
using the technique of cross-validation. The strategy is to remove one document at
a time from the collection, and then use the remaining documents to try to predict
the relevance of the missing document.

Given the results of our experiments using relevance feedback, it seems reasonable
to represent the routing query by the sum of the relevant documents. It is partic-
ularly convenient to ignore the non-relevant documents in this context, since then
cross-validation need only be performed over the relevant documents. Since relevant
documents are a tiny fraction of the collection, this reduces the computational cost
of the experiment substantially.

Cross-validation differs from using the mean of the relevant documents as the
query only in the following manner. Fach relevant document is compared to the
mean of the remaining relevant documents after excluding the document being exam-
ined. Therefore, a relevant document cannot favorably influence its own performance.
The different queries are normalized to have equal length, and documents are ranked
according to their inner product similarity to the routing query. Performance is eval-
uated by the average precision at ten levels of recall, as in the previous experiments.
We did not examine any variations of the basic model, so we conducted only a single
routing experiment, obtaining a baseline value of 0.509. It is not a surprise that
routing performs better than relevance feedback, since nearly all the useful relevance
information is available initially, but one might expect an even greater improvement.

This issue will be addressed in more detail in the following section.

7.4 LSI Experiments

Latent Semantic Indexing is a dimension reduction strategy that replaces terms with a
much smaller number of orthogonal indexing variables. It is crucial to perform some
amount of dimension reduction before considering various statistical classification

methods. We hope to find that using an LSI representation of documents does not
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lead to a substantial reduction in performance. The major issue to examine is the
optimal number of singular vectors to retain in the solution. The experiments in this

section will examine this question for the three search strategies analyzed above.

7.4.1 Description of Method

In order to match the LSI representation of the collection with the term representa-
tion, we apply they same term weighting method used above to the document by term
matrix before computing the singular value decomposition. In addition, all terms of
frequency one are eliminated from the matrix, since this reduces the number of terms
by a factor of one third while losing a minimal amount of information. Some of these
terms will later be factored back in to the model. The singular value decomposition
is computed using a sparse matrix SVD program known as SVDPACKC [21]. Using
a sparse matrix algorithm results in a considerable savings in time and space over
traditional SVD algorithms.

The document by term matrix X is then decomposed into:
X = DST!

where D and T represent documents and terms respectively in the new coordinate
space and S is a non-negative diagonal matrix of singular values. After the matrix
is factored, only a subset of the singular vectors with the largest singular values are
retained. The sparse matrix algorithm can efficiently estimate a number of factors
that is no greater than a quarter of the dimension of the data matrix. Based on this
limit and space considerations, it was decided to retain the largest 200 factors. See
figure 7.2 for a plot of the singular value scores. The first singular value, with a score
of 58.8, is deleted in order to give the plot a better perspective. Since all elements
of the original data matrix are positive, the first singular vector can be thought of
as a weighted mean of the observations, and all the elements of this vector are also
positive.

Researchers experimenting with Principal Component Analysis have often advo-
cated using this plot to determine how many factors to retain, looking for breaks or

gaps in the curve as indicators that the following dimensions are much less important.
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Cranfield: Singular Values

25

score
15
|

10

0 50 100 150 200

order

Figure 7.2: Cranfield: Singular Value Scores

Clearly no such technique will be useful in this context, as the curve decays smoothly
after the first few factors. Furthermore, this decay is relatively slow after the first
few factors, indicating that later factors still retain a fair amount of information.
Therefore, we will have to rely on information retrieval experiments to determine an
optimal number of factors.

LSI produces a 1397 by 200 document matrix D and a 3974 by 200 term matrix
T. Each document and term is described by a 200 dimensional vector, and docu-
ments and terms are represented in the same subspace. Each document is a weighted
combination of the vectors of the terms that it contains and vice-versa. Therefore,

the query can be represented in LSI space by the weighted sum of its term vectors.
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Unique terms that occur in one or more queries are represented in a similar fashion.

The similarity between a query and the documents can be computed as follows:
Sim(Q, D]) = Z%' * §; %k dij

where ¢; and d;; are the weights for the :’th LSI factor for the query and document
J respectively, and s; is the ¢’th diagonal element of S. Adhoc search, feedback, and

routing can be conducted using this new document representation.

7.4.2 Experimental Results

For adhoc search, the LSI representation of the query is constructed by taking the
weighted sum of the term vectors, where the weights are chosen according to the
term weighting formula developed in the previous section. The basic term model is
compared to the LSI model using varying numbers of LSI factors. In all cases, the
factors chosen are those with the highest singular values. In the routing problem, the
results are obtained by cross-validation using a query that consists of the mean of the

relevant document vectors in LSI space.

terms | 40 80 120 160 200

search | 0.374 | 0.284 0.355 0.385 0.390 0.396
rfb 0.496 | 0.307 0.398 0.435 0.450 0.461

routing | 0.509 | 0.406 0.507 0.544 0.556 0.567

The terms column gives the results of the baseline experiments using the term rep-
resentation of documents as detailed in the previous section. The numbers indicate
the number of LSI factors used in the model.

The results are analyzed by comparing each column to the baseline using the
paired t-test and the Wilcoxon test, as described in chapter 5. For both search
and routing all models with 120 or more factors are significantly better than the
baseline. All models using relevance feedback are significantly worse than the baseline.
Statistical tests used for comparing more than two methods, such as the ANOVA, are

not employed because of the correlation inherent in the methods. For example, the
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scores using the top 200 LSI factors are strongly related to the scores using the top
160 LSI factors.

From these results, we find that Latent Semantic Indexing is a remarkably suc-
cessful dimension reduction technique. For search and routing, it can actually be used
to improve retrieval performance, indicating that there is a lot of noise which can be
eliminated from the data. Performance increases rapidly with the number of factors,
reaching the level of the term based model after about 100 factors. It continues to
improve up to 200 factors, but at a much slower rate. Note that eventually, the per-
formance curve must peak, because it then declines to match the baseline when all
factors are included in the model.

Unfortunately, LSI does not perform as well for relevance feedback, which should
not come as a complete surprise. Both feedback and LSI perform some sort of variable
selection. LSI selects the factors that are most important for capturing the global
term correlation structure. Relevance feedback, on the other hand, retains all the
information and selects the terms that are most valuable for predicting relevance for
the query being analyzed. This ability to optimize variable selection at a local level
is a considerable advantage. The LSI representation is probably losing information
that is important in the region of the query, but far less significant on the global
level. Note that the gap between search and feedback increases as more LSI factors
are included in the model.

It is a bit surprising that LSI is so successful for routing given its problems with
relevance feedback. There are a couple of factors that might explain this result. First,
there is a lot more information available for routing, which may make up for important
detail that is lost in a few of the relevant documents. Second, the baseline routing
result uses no variable selection, retaining all the terms in the relevant documents.
In hindsight, it might have been better to see whether using some variable selection
might improve the baseline routing performance. Note however that Buckley [8] finds
that performance continues to improve with the number of terms in the routing query,

even when thousands of terms are added.
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7.4.3 Routing: Detailed look at Evaluation

While the evaluation results presented so far give the reader a basic idea about which
retrieval methods are most successful, they hide a lot of detail about how one method
performs better than another. In general, because of the number of experiments
conducted and the volume of evaluation data collected it is not productive to present
complete evaluation results for every experimental run. However, it is illuminating
to examine the routing figures in more detail, since they provide a better picture of
what characterizes the differences between experimental runs.

Figure 7.3 plots precision vs. recall for the routing experiment conducted above.
Clearly, the results remain roughly the same at all levels of recall. Figure 7.4 plots pre-
cision and recall vs. the number of documents retrieved and is much more revealing.
The major benefits of using more than 120 factors occur in the first few documents
retrieved. If 10 or more documents will be retrieved, there is no advantage to keeping
more than 120 factors. A similar pattern extends to higher numbers of documents
retained. The recall plot reveals that after about 50 documents are retrieved, there
is no advantage to keeping more than 80 factors. Finally, by the time 100 documents
are retrieved the plot suggests that even 40 factors will be sufficient for retrieval. At
100 documents retrieved, a 40 factor LSI model is even better than the basic term
model.

A more detailed look at the data captures the basic relationship between perfor-
mance and the number of factors in the LSI model for the routing problem. If the
user is only going to examine a few documents, it is best to use as many factors as
possible. However, if many documents will be examined, there is no particular benefit

to retaining large numbers of factors.

7.5 Routing and Classification

In the standard retrieval model, the system ranks documents according to their inner
product similarity with respect to a query. The solutions to the routing problem

presented above use the same method, although information from known relevant
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Cranfield: Precision vs. Recall
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Figure 7.3: Cranfield: Precision vs. Recall

documents is incorporated into the query construction process. Ranking documents
according to their inner product similarity to a query is equivalent to applying a
one-dimensional linear projection to the document space. A well-constructed query
will provide a nice separation between the relevant and non-relevant documents. In
general, there is no a priori reason to believe that the inner product similarity to
the query is the best linear projection of the documents. However, when no addi-
tional information is available, there is unlikely to be a better method for identifying
relevant documents. However, the routing problem has far more information which
can be exploited. In particular, we can make use of the distribution of the relevant

documents.

EX. 1038
APPLE INC. / Page 121 of 166


EPPSL
Sticky Note
None set by EPPSL

EPPSL
Sticky Note
MigrationNone set by EPPSL

EPPSL
Sticky Note
Unmarked set by EPPSL


CHAPTER 7. RETRIEVAL EXPERIMENTS: CRANFIELD 113

Precision

Recall

Figure 7.4:
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7.5.1 Initial Experiment

Our next experiments apply the classification techniques developed in chapter 6 to
the routing problem. Due to the limited number of relevant documents associated
with each query, we must rely once again on cross-validation to obtain an unbiased
estimate of performance. In the previous routing experiment, it was only necessary
to apply cross-validation to the relevant documents since the classification rule was
derived independent of the non-relevant documents. However, the classification tech-
niques that will be applied here will all depend on the distribution of the non-relevant
documents, so cross-validation of all observations must be attempted. Fortunately,
for linear discriminant analysis, there exist updating formulae which will give the
cross-validated distance of an observation from the group means without explicitly
recomputing the mean vectors and the pooled covariance matrix [53].

A series of experiments attempted to improve performance by using linear dis-
criminant analysis with documents as observations and different set of L.SI variables
as features. It quickly became apparent that LDA was significantly less effective than
simply using the mean of the relevant documents. Clearly, it is not possible to obtain
a good estimate of the covariance matrix even in the lower dimensional space provided
by the LSI decomposition, as there are still 200 variables and only 1396 observations.
Several variable reduction strategies were applied to test LDA on a subset of the
features. The selection criteria included magnitude of the singular value and ability
to separate the group means. However, none of the models fit using subsets of the
variables provided better performance.

The performance figures obtained using the mean of the relevant documents indi-
cate that all or almost all of the feature variables make some contribution to modelling
document relevance. Therefore, it is not surprising the subset selection strategies are
not effective. However, the full covariance matrix cannot be estimated accurately.
Regularization could be attempted, but since we are already using cross-validation to
measure performance, it would be extremely difficult to estimate the regularization
parameters. Some alternative strategy must be adopted.

The LSI factors are derived to maximize the amount of variability explained over

the entire collection. This representation is not necessarily optimal for characterizing
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the region of the predictor space containing the majority of the relevant documents.
It must be possible to parameterize the important features in the local region sur-
rounding the query using a much more economical representation. In order to make
this strategy work, we must compute a revised set of feature variables that is unique

for each query and designed to capture structure in the local region surrounding the

query.

7.5.2 A Local LSI Representation

Since the LSI representation is so effective for dimension reduction on a global level, it
makes sense to apply it on the local level as well. In order to characterize the structure
of the feature space, the singular value decomposition is applied to a matrix consisting
only of the known relevant documents. Once again, only a small number of the
most important factors are retained. This representation characterizes the important
sources of variability which are present in the relevant documents. The non-relevant
documents are folded in to this space using the usual strategy, as described in chapter
4.

The local representation could be computed directly from the original word space,
but this was not found to be as effective, because the term matrix of relevant doc-
uments is too sparse to provide enough useful information. Instead, the global LSI
representation of relevant documents is used as the basis for the local decomposi-
tion. It might not be clear immediately how capturing the structure of the relevant
documents is useful for distinguishing them from the non-relevant documents, but a
graphical representation of the reduced space provides an effective demonstration.

Figure 7.5 plots the document scores for two local LSI factors taken from the
results for one query from the Cranfield collection. The coordinates in the plot are
the inner product scores of the documents with respect to the first and second local
LSI factors. These dimensions do not have any particular meaning for the non-relevant
documents, so they tend to cluster around the origin. On the other hand, the relevant
document are more widely distributed in the document space, illustrating that the

local factors are designed to capture their structure.
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Local LSI Factor Plot
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Figure 7.5: Cranfield: Local LSI Factor Plot

The local LSI method has an increased cost because a separate SVD be computed
for each query. However, the SVD is only being applied to the relevant documents,
which means that the matrix is far smaller than the one used in the initial LSI
decomposition. In addition, since documents are being represented in LSI space, the
matrix has at most a few hundred columns. For a matrix of this size, the first few
singular vectors that are required can be computed extremely rapidly. However, the
location of all documents in local space must also be computed.

We can now consider applying classification techniques in the local space. Since
the relevant documents can appear anywhere in the space and there is no guarantee

that they will be clustered on only one side of the origin, it is important to apply a
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non-linear classification method in this example. The number of dimensions is now
very small compared to the number of variables, and the covariance matrices of the
two groups are dramatically different, so quadratic discriminant analysis is clearly

appropriate. The next section presents the results of some retrieval experiments.

7.5.3 Experimental Results

In this set of experiments, the local LSI representation of the collection is computed
as described above for each query in the collection. Quadratic discriminant analysis
is used to obtain a score for each document indicating its relative distance from
the relevant and non-relevant population. Cross-validation is used to obtain unbiased
estimates of the distance. Note that the local LSI representation must be recomputed
to obtain the cross-validated distance estimate for each relevant document. Only
the first two factors are retained in the local representation. This number is not
unreasonable considering that there are an average of only eight relevant documents
per query.

Performance using the local representation is compared to our previous results for

the routing problem:

VSM  global LSI local LSI
avg.prc | 0.509 0.567 0.760

The combination of QDA and local LSI provides three times as much improvement
as using global LSI alone, which clearly represents a dramatic improvement in per-
formance. All methods are significantly different using both the Friedman test and
the two-way ANOVA.

We repeat the experiment using three, four, and five local LSI factors with QDA.
The results, broken down by the number of relevant documents in the query, are

presented below:
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num.rel | queries | global local.2 local.3 local.4 local.h
3 29 0.568  0.363 NA NA NA
4 19 0.665 0.754  0.465 NA NA
5 26 0.560 0.854  0.693  0.433 NA
6 28 0.485 0.833  0.795  0.642  0.463
7-8 36 0.631  0.877 0906 0.843  0.693
9-10 29 0.606 0.852 0.908 0.928  0.894
11+ 52 0.515 0.747  0.811  0.855  0.880

The local LSI decomposition cannot produce more dimensions than there are relevant
documents. Since cross-validation removes one relevant document, there must be
more relevant documents than local LSI factors to obtain a valid solution. In addition,
the LSI factors are subject to a normalization contraint (the rows must be of unit
length) so using a number of factors that is very close to the total number of relevant
documents is not productive. Performance seems to peak at a number of dimensions
roughly equal to halt the number of relevant documents.

It seems that modelling local structure is the key to obtaining a good set of fea-
tures for use in statistical classification. A representation based on the distribution of
the relevant documents alone proves to be remarkably effective at separating relevant
and non relevant documents. It may be helpful to include some nearby nonrelevant
documents in the local decomposition, but that hypothesis still needs to be inves-
tigated. However, before we conclude that this method is likely to be universally
successful, it is important to inject a cautionary note about the quality of the test

collection.

7.6 Discussion

There are a number of reasons why the Cranfield collection may not be the ideal
testing ground for information retrieval experiments. Some of them are described
in chapter 5, where the problems associated with performing computer experiments
using test collections are discussed. The collection has a relatively small number of

documents and the documents are abstracts, which tend to be a paragraph or two at
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most. The collection covers and extremely limited domain, aeronautical engineering,
which is of a highly technical nature. This means that the queries and documents
have large numbers of technical terms which have a relatively specific meaning and
thus tend to be very useful for retrieval. In addition, it is well known that abstracts
tend to have a higher than usual frequency of important content-bearing terms.

The 225 queries included with the collection have a total of 1838 relevant docu-
ments, with documents that are relevant to multiple queries being counted more than
once. Of the 1397 documents in the collection 924 are relevant to at least one query,
leaving 473 that are never relevant. This is an extraordinarily high signal to noise
ratio and is almost certainly an unrealistic simulation of actual search conditions.
Specifically, the documents will tend tend to cluster in groups that are relevant to
one or more queries, and the feature space will not have a balanced distribution of
non-relevant documents. These factors will make techniques (such as discriminant
analysis) that are designed to measure similarity structure work particularly well in
retrieval experiments.

Furthermore, there are a fair number of very short documents that are extremely
similar to one another, having an important word or phrase in common. For example,
there are author fields included in the documents, and multiple documents by the
same author tend to be highly related and the author’s name becomes an excellent
discriminating variable. For the routing experiments, which use cross-validation,
this causes particular problems, since cross-validation will obtain extremely favorable
results if there are two very similar documents. The one remaining in the classification
rule will make it very easy to determine that the other is relevant. In practice, it is
extremely unlikely that there will be such a favorable distribution of documents. This
situation causes particular problems because it biases the results much more in favor
of classification methods that use the covariance of the relevant documents, like the
local LSI and quadratic discriminant analysis, than other methods, such as those
using the centroid of the relevant documents.

Therefore, it is important to try to extend the results that have been obtained here
to a much larger collection that is less likely to suffer from the problems described

above. This collection should cover a more general domain and contain longer, more
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balanced documents. There should be enough relevant documents that it is possible
to divide the collection into a training set and a test set so that cross-validation is

longer necessary. Experiments on such a collection are conducted in the next chapter.
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Chapter 8

Retrieval Experiments: Wall

Street Journal

In 1992, a new experimental setting and test collection were developed in order to
motivate work to improve the state of the art in information retrieval technology.
The Text Retrieval Conference (TREC) brought together researchers from around
the world to test the next generation of retrieval systems on a common test collection
[34]. Known as the TREC collection, it now consists of over a million documents,
from such sources as the Wall Street Journal, AP newswire, the Federal Register, as
well as a collection of articles from computer journals. The TREC experiments are
designed to accomplish two goals: (1) to provide a unified testing ground that will
allow comparisons between a wide variety of different retrieval strategies and (2) to
produce a test collection of realistic size so that experiments may be conducted on full
text documents and the results should be more likely to generalize to an operational
search environment.

The TREC collection is an ideal choice for our next set of retrieval experiments,
since the issues that caused problems in experiments with the Cranfield collection;
size, coverage, and number of relevant documents, will no longer be a significant
concern. However, the full collection is so large that the computational costs of
retrieval experiments will create new problems. Fortunately, it is possible to obtain

the benefits of a large collection without using all of the TREC documents. Therefore,
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we will restrict our attention to a subset of the full corpus, a collection of articles from
the Wall Street Journal, covering the years 1987-1992.

Once again, the experiments presented here focus on the routing problem. For
methods based on statistical classification, routing is the most tractable of the re-
trieval tasks, since a large amount of prior information (in the form of evaluated
relevant documents) is available. Unless classification methods improve performance
for the routing problem, there is little hope that they will work successtully for other
techniques, such as query-based search or relevance feedback. The size of the new
collection makes it much easier to evaluate performance for the routing problem.

This chapter presents a number of retrieval experiments, following the style of
the previous chapter. It summarizes the important properties of Wall Street Jour-
nal (WSJ) documents, and discusses the problem with scaling traditional retrieval
techniques to a collection that is several orders of magnitude larger than the ones
used in other retrieval experiments. In particular, the LSI decomposition cannot be
accurately computed for the full collection. It introduces the concept of screening,
where the subset of the collection that is likely to contain the majority of the rele-
vant documents is identified using a simple retrieval strategy, and more sophisticated
models are applied to obtain a more accurate ranking of the remaining documents.
Various statistical models are applied with limited success, as it is very difficult to

improve upon the basic retrieval model for this collection.

8.1 The Wall Street Journal

The Wall Street Journal is a well-known newspaper whose articles primarily concen-
trate on financial topics. The collection included in TREC consists of approximately
180,000 documents and 250,000 unique terms after stemming and stop list removal,
which makes it two orders of magnitude larger than the Cranfield collection. The
average document length is roughly 300 indexed terms. While there are 150 queries
available for the full text collection, we will select a sample of forty (from those
labelled 51-100) for use in our experiments.

For the experiments, the collection is divided into a training set and a test set. The
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CHAPTER 8. RETRIEVAL EXPERIMENTS: WALL STREET JOURNAL 123

training set consists of 100,000 documents from 1987-1989 and the test set consists
of 80,000 documents from 1990-1992. The queries are considerably longer and more
involved than the ones used with the Cranfield collection. For example, a typical

query is:

Domain: International Economics
Topic: Rail Strikes

Description:
Document will predict or anticipate a rail strike or report an

ongoing rail strike.

Narrative:

A relevant document will either report an impending rail strike,
describing the conditions which may lead to a strike, or will
provide an update on an ongoing strike. To be relevant, the
document will identify the location of the strike or potential
strike. For an impending strike, the document will report the
status of negotiations, contract talks, etc. to enable an
assessment of the probability of a strike. For an ongoing strike,
the document will report the length of the strike to the current

date and the status of negotiations or mediation.

Concept(s):

1. rail strike, picket, stoppage, lockout, walkout, wildcat

2. rail union, negotiator, railroad, federal conciliator, brotherhood
3. union proposal, talks, settlement, featherbedding, cost cutting
4

. working without a contract, expired contract, cooling off period

The forty queries actually used in the retrieval experiments are chosen according

to the following criteria. In order to be considered acceptable, a query should have
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a significant number of relevant documents in both the training set and the test set.
Queries with very few relevant documents in the test set will tend to have a much
larger variability in their performance, since the evaluation score will depend heavily
on the ranking of a small number of relevant documents. This is not a desirable
property. Queries with very few relevant documents in the training set are not suitable
for methods based on statistical classification. Removing them can be justified, since
the number of relevant training documents is known in advance and other retrieval
strategies will hold more promise. Since the primary goal of these experiments is to
test classification methods, it makes sense to remove these queries.

Summary statistics giving the number of relevant documents for each query over

the training and test sets appear below:

Min Median Mean Max
train 19 60 91 439
test 9 41 46 141

This represents a considerable improvement over the average of eight relevant docu-
ments per query for the Cranfield collection. Classification methods should be much

more reliable when applied to training sets with 50 or 100 relevant documents.

8.2 Initial Experiments

8.2.1 Baseline from the VSM

The first experiment computes a baseline level of performance for the routing problem
using the Vector Space Model. The retrieval model is applied in the same manner
that is described in chapter 7, using the best term-weighting strategy found in those

experiments.

(dtf)

Query(Q): ¢; = M* log N/n;” , Document(D;): d;; = m

Once again, the routing query is represented by the centroid of the original query

and the relevant documents in the training set. The original query is given a weight
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equal to five relevant documents and the individual terms are otherwise weighted in
the same fashion as given above for documents. One can view the original query as
a prior estimate of the word frequency parameters of the relevant documents.

The system computes the inner product similarity between the routing query and
the documents in the test set, and documents are ranked in order of their similarity
score. As a concession to the size of the collection, only the top 5000 documents are
retained for purposes of evaluation. Performance will be evaluated in this chapter
using three methods: average precision at 10% to 100% recall (prc.rec), average
precision at 10 to 100 documents retrieved (avg.prc), and average recall at 100 to
1000 documents retrieved (avg.rec). The results for our sample of forty queries is

given below.

prc.rec avg.prc¢ avg.rec

score  (0.299 0.350 0.766

These scores will serve as the baseline results for future comparisons.

8.2.2 LSI on the WSJ

In the retrieval experiments conducted in the previous chapter, we found that Latent
Semantic Indexing (LSI) produced a low dimensional representation of the Cranfield
collection without decreasing retrieval performance. In fact, the reduced representa-
tion tended to produce slightly improved performance when applied to the routing
problem. The next goal is to see whether LSI can provide the same level of perfor-
mance on the new, much larger collection of articles from the Wall Street Journal.
Once again, dimension reduction is necessary to transform the feature space so that
it can be used with statistical classification algorithms.

On a collection with 250,000 terms (n) and 180,000 documents (k), it is a real
challenge just to compute the singular value decomposition, even with a sparse matrix
algorithm. Since the Lanczos method is O(nk), it requires more than 100 billion
operations to find the SVD for term-document matrix given above. Therefore, it is

advisable to try to apply LSI to a smaller matrix of terms and documents. The first
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LSI experiment on the Wall Street Journal computes the SVD on a symmetric term
covariance matrix, using only 10,000 terms in the collection.

A term covariance matrix is selected for the following reasons. First, in order to
make the computing requirement more manageable, we must select a subset of the
original set of terms and documents. Second, selecting a subset of documents will
cause the resulting representation of the collection to be biased towards capturing the
structure contained in the selected documents. Third, it is known that some terms
contain more information than others, so less information will be lost if the proper
subset of terms is selected. It is not known a priori which documents are likely to be
most informative.

The 10,000 selected terms occur in between 80 and 1000 documents, and repre-
sent the middle frequency terms in the collection. Low frequency terms have less
information because they only capture the relationship between a small number of
documents. High frequency terms have less information because they occur in such
a large number of documents. If X is the weighted document by term matrix, let X
be the matrix obtaining by taking the columns of X that correspond to the sample
of 10,000 terms that has been selected. Then the term covariance matrix is simply
T=X'X. Applying the SVD to T is equivalent to applying the spectral decomposi-

tion, since it is symmetric, and yields the solution:
T =UWU

Each term is represented by a row of U and the dimension of the problem can be
reduced by deleting columns of U corresponding to the smallest eigenvalues.

Documents are represented in the revised space by taking the weighted combi-
nation of the term vectors that they contain, using the weight function given in the
previous section. Vectors for terms not initially selected are then constructed from
the newly determined document vectors. While a lot of the structure in the original
document-term matrix is lost in the new representation of terms and documents, it
is hoped that enough is retained to capture the most important structure present in
the full collection.

This technique is applied and the 100 most significant factors are retained from
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the matrix decomposition. While computing and storing more factors is clearly de-
sirable, obtaining enough storage space quickly becomes a problem. The 100 di-
mensional representation of the full collection requires more than 150MB of storage.
Before allocating very large amounts of disk space, we should conduct a few retrieval
experiments to test the quality of the current representation.

The experiment is conducted in the same fashion as the LSI experimentsin chapter
7. A routing query is constructed using the centroid of the original query and the
relevant documents in the training set. Similarity between the routing query and

documents is computed as follows:
Sim(Q, D]) = Z q; * )‘z * dij

where ¢; and d;; are the weights for the ¢'th revised LSI factor for the query and
document j respectively, and A; is the ¢’th diagonal element of A.

It quickly becomes apparent that model based on 100 revised LSI factors performs
dramatically worse than the full term-based model. In hindsight, it is obvious that if
an LSI model of the Cranfield collection, which contains only about 1400 documents,
requires 100 LSI factors to perform as well as the term-based model, that there is no
way that 180,000 documents from the Wall Street Journal can be properly modelled
using only 100 factors. A proper model of the full collection might well require more
than a thousand factors, and the storage costs associated with such a representation
would be prodigious. Furthermore, it is difficult to imagine obtaining successful re-
sults from a classification algorithm that must analyze thousands of features. In our
work on the Cranfield collection, we discovered that obtaining a local representation
of the feature space in the neighborhood of the query is crucial for improving perfor-

mance. The following section describes how to produce local L.SI decompositions for

the WSJ collection.

8.3 Query-Specific Screening of the Collection

In the last section, we described the problems associated with computing an LSI

representation of a very large collection. A full description of the collection requires
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retaining very large numbers of factors, few of which are going to be important for
any particular query. Therefore, it is much more useful to try to capture structure on
a local level, where the important information can be represented by a much smaller
number of factors. The only drawback is that a separate representation must be
computed for each query.

The following strategy is adopted to characterize the feature space in the neigh-

borhood of the query and to obtain improved performance for the routing problem.

1) An initial screening algorithm ranks the documents in the training set in order
of their similarity to the query. A subset of the highest ranking documents are

selected. These documents are said to define the local training set of the given

query.

2) Latent Semantic Indexing is applied to the documents in the local training set,
and the dimension of the feature space is reduced by retaining only a small

number of the most important factors.

3) A classification rule is developed for the local training set based on the relevant

and non-relevant documents contained in that region.

4) The screening algorithm is applied to the full test set to determine which doc-
uments appear in the region defined by the local training set. The documents

that satisty the screening test become known as the local test set.

5) The classification rule is applied to the local test set and documents in this
subset of the test collection are ranked in order of their estimated relevance. All
other test documents (those that failed the screening test in (4)) are assumed

to be not relevant.

The screening process is explained in more detail below.

The screening process is designed to identify documents that are obviously not
relevant to the query and remove them from further consideration. It should use a
method that can be computed reasonably efficiently over the entire document col-

lection. The method selected does not need to accurately separate the relevant and
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non-relevant documents immediately, however it should perform well at high recall,
since it 1s important to collect as many relevant training and test documents in the
local region as possible.

Our experiments rely on the Vector Space Model for screening the document
set, using the term-weighting strategy described in chapter 7. This is identical to
the baseline experiment presented in the previous section except that the document
scores are computed over the training set as well as the test set. For each query, the
2000 highest ranking documents from the training set are selected to define the local
region. The score of the 2000’th training document defines the boundary of the local
region. The routing query is then applied to the test set and all documents with
scores that are large enough to be inside the local boundary are selected to define the
local test set.

It is difficult to determine the best way to select the size of the local region. It
should be large enough to include as many relevant documents from the training set
and test set as possible and large enough so that the local test set will contain signif-
icantly more documents than the user plans to examine. These criteria are necessary
so that subsequent methods applied to the local region will have the potential to im-
prove performance. Any relevant documents that don’t make the cut for the local test
set will never be discovered, no matter how good the local classification algorithms
are. If the local test region contains fewer or only slightly more documents than the
user plans to examine, then reordering these documents using a local classification
method is basically pointless.

However, there are also several reasons why the local region should not be too
large. Adding large numbers of non-relevant documents of marginal value will only
increase the number of LSI factors needed to describe the local region without im-
proving their quality, which will only degrade the performance of a classification
algorithm. The local methods will be much more computationally intensive, and thus
it is desirable to keep the number of observations small enough to ensure that the
solution can be computed in a reasonable length of time.

The obvious solution would be to choose a fixed size for the local test set. Unfor-

tunately, this is not a legal option under the contraints of the problem, because the
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routing task assumes that the system sees the test documents one at a time and must
decide whether to accept or reject a document without knowing the distribution of the
full test set. Therefore, the only reasonable alternative is to choose a fixed document
cut-off for the training set. The value of 2000 is selected because it should ensure
that an average of 1600 documents make it into the local test set, assuming that the
training and test sets are identically distributed. Samples of this size include the vast
majority of the relevant documents from the training set, but are still tractable for
classification problems and the singular value decomposition.

Of course, there is no guarantee that the documents from the test set will occur
in the local region with the same frequency as those from the training set. For the
Wall Street Journal, the training covers 1987-1989 while the test set covers 1990-1992.
Issues that received a lot of coverage in the former period may no longer be important
in the latter period and vice-versa. In fact, many of the issues covered by the queries
will be transient in nature, so there are likely to be wild variations in the size of the
local test set. This is an unfortunate but unavoidable problem, since it is generally
difficult to predict the longevity of a particular issue. However, a careful user could
take this factor into account when deciding on the size of the local region.

Furthermore, even if the the training and test set have proportionally similar num-
bers of documents in the local region, this does not guarantee that the document sets
have the same distribution. Term space has hundreds of thousands of dimensions,
which means that although both the local training documents and the local test doc-
uments are similar to the routing query, they need not be very similar to one another.
However, no classification method will be successful if the training documents have
a substantially different distribution than the test documents, so this issue does not

dramatically affect the screening process.

8.3.1 The Screening Process

In this experiment, we apply the Vector Space Model using the routing query and
screen out all documents that do not receive a higher similiarity score than the train-

ing document of rank 2000 for each query. Since this is a simulation experiment,
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the complete distribution of the test documents is known, and we can examine the
relevance of the issues discussed above using data from the test set. In particular, the
size of the test set, the fraction of relevant documents retained in the local region,
and the correlation between coverage of the training set and coverage of the test set
can all be examined.

The summary below compares the density of documents of the local region in the
training set to that in the test set. Since the local region contains ~2% of the training
set, and the test set has 80,000 documents, we would expect the test sets to contain

roughly 1600 documents.

Min Mean Median Max std.err
test 481 1455 1520 2258 361

For the 40 queries from the Wall Street Journal, there is a slightly lower density of
documents in the local region of the test set on average, although on five occasions
fewer than 1000 documents were recovered.

While obtaining test samples of consistent size is helpful, it is more important to
retrieve as many relevant documents in the local region as possible. A summary for

the training and test sets is given below:

Min Mean Median Max
train 77.8% 98.7% 100.0% 100.0%
test  44.3% 88.9% 94.2%  100.0%

It is not surprising that the local training set contains almost all the relevant docu-
ments, since the routing query is determined using the mean of the relevant documents
in the training sets. However, there are a few queries which are very hard for the
Vector Space Model, for which a number of relevant documents are outliers. Perfor-
mance is considerably lower over the test set, but still recall is relatively high. For
most queries, one can expect to pay a small penalty (5-10%) in terms of recall by
using the screening algorithm, but for a few queries, that penalty can be as high as
50%.

It is also useful to know how well performance over the training set, which can

be measured in advance, correlates with performance over the test set. Figure 8.1
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presents a scatter plot of the percentage of relevant retrieved in the training set
versus the test set. The correlation between these measures is .72, indicating that
a relationship exists. From the picture, one can say that poor performance over the
training set is a good indicator that relevant documents are being lost from the test
set, but that good performance over the training set does not necessarily imply the
contrary. However, if it finds all relevant training documents the screening process

should also find the majority of the relevant test documents.

Screening: Relevant Documents Retained

1.0

0.7 0.8 0.9

training set

0.5

0.4

T T T T T T T
0.4 0.5 0.6 0.7 0.8 0.9 1.0

test set

Figure 8.1: Relevant documents retained in local region
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8.3.2 Local LSI

In the previous section, we determined that screening documents using the Vector
Space Model can substantially reduce the scale of the document collection and in
general leads to only a small loss in recall over the test set, although there are a few
exceptions. Therefore, we can now consider applying more computationally intensive
techniques in the local region, starting with Latent Semantic Indexing. Each query is
characterized by a local training set of 2000 documents, a sample size for which the
singular value decomposition can easily be computed using a sparse matrix algorithm.

We can make the problem more tractable by including only those terms that occur
in the relevant documents, since only these terms have any discriminatory power for a
classification rule. One can certainly argue that other terms may determine important
structure in the local region, but there are sometimes as many as 200,000 unique terms
in the local training set, so using all of them would remove the computational benefits
of working over the local region. The relevant documents alone sometimes contain as
many as 15,000 terms, so this sample is further reduced by restricting it to terms that
occur in more than one relevant document. The distribution of the selected terms

over the local training sets is then the following:

Min Median Mean Max std.dev
train 983 2076 2636 6745 1480

The large standard deviation reflects the wide spread in the number of relevant train-
ing documents over different queries. A query with only 20 relevant documents will
have far fewer eligible terms than a query with 400 relevant documents.

It should be mentioned that the local region has a much higher density of relevant
documents than the collection as a whole, which can only help the performance of
classification algorithms. The singular value decomposition is applied to the local
training set and a representation of documents and terms is obtained based on local
LSI factors. The local LSI representation is then computed for the documents in the
test set using weighted combinations of the term vectors. Note that the documents
in the local test set cannot be included in the SVD, since the classification rule must

be constructed before the test documents are available.
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The quality of the LSI representation can be measured by constructing the routing
query using the mean of the relevant training document vectors as represented by
their LSI factors. The similarity between the routing query and the test documents
is computed in the same fashion described in chapter 7. Performance figures based

on the number of LSI factors used in the model are given below:

terms 40 80 120 160 200
pre.rec | 0.299  0.321 0.336  0.347 0.346 0.346
avg.prc | 0.350 0.371 0.383 0.392 0.389 0.391
avg.rec | 0.766 0.803 0.808 0.812 0.813 0.812

Each of the LSI models is compaired to the term baseline using the paired t-test
and the Wilcoxon test. The LSI models with 80 or more factors are better than the
baseline according to all three evaluation measures, and the LSI model with 40 factors
is better than the baseline according to average recall.

Once again, Latent Semantic Indexing can be used to reduce the dimensionality of
the problem and it actually improves retrieval performance by eliminating spurious
relationships between terms. On average, the most important local structure can
be captured using 100-120 LSI factors. Performance remains constant for 120-200
LSI factors. Screening and LSI have accurately captured the important relationships
at a local level. It only remains to test the performance of statistical classfication

algorithms.

8.4 Classification Experiments

Classification techniques can be applied directly to LSI representation of the local
training set. These methods should be more effective than they were for the Cran-
field collection due to the much higher density of relevant documents. The following
experiments will examine the effectiveness of discriminant analysis and logistic re-

gression using the local LSI representation of documents.

EX. 1038
APPLE INC. / Page 143 of 166


EPPSL
Sticky Note
None set by EPPSL

EPPSL
Sticky Note
MigrationNone set by EPPSL

EPPSL
Sticky Note
Unmarked set by EPPSL


CHAPTER 8. RETRIEVAL EXPERIMENTS: WALL STREET JOURNAL 135

8.4.1 LDA and Logistic Regression

We start by applying two basic linear classification methods to the data, linear dis-
criminant analysis (LDA) and logistic regression. Despite screening and dimension
reduction using LSI, there are still a relatively large number of predictor variables,
so the problem will be a challenge for even the most basic methods. Each method
will produce a linear classification rule, which can be used to induce a ranking of the
test documents in order of their estimated likelihood of relevance. Performance is

evaluated below using the average precision and 10 to 100 documents examined:

40 80 120
LSI | 0.371 0.383 0.392
LDA | 0.381 0.399 0.404
logit | 0.351 0.340 0.329

Hypothesis tests determine that the logistic model is significantly worse than LDA
or basic LSI at all numbers of factors. There is no difference between LDA and LSI.
In fact, if you exclude the first query where LDA scores 0.582 and LSI score 0.373, the
two methods have basically the same average performance. This experiment provides
no evidence that classification techniques can be used to improve performance.

There are two potential explanations for the disappointing performance of linear
discriminant analysis. First, the covariance matrix may be roughly spherical, in which
case there is not likely to be a better estimator than the centroid of the relevant
documents. It should be noted that in the LSI representation, the components of
the centroid of the non-relevant documents are all basically zero except for the first
component. This is due to the fact that there are very few relevant documents and
the other singular vectors are contrained to be orthogonal to the first singular vector,
which assigns roughly equal weight to each document. Therefore, using the centroid
of the relevant documents as the query is roughly equivalent to the linear discriminant
rule using a spherical covariance matrix.

Second, 1t may be that 2000 observations is not enough to accurately estimate
a covariance matrix for 40-120 feature variables. In this case, it is possible that

regularization of the covariance matrix may improve performance. The experiments
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in the next section will address this issue by applying regularized discriminant analysis
to the problem. However, we first examine this issue by applying LDA to important
subsets of the feature set to see whether better estimates of the covariance matrix
could counteract the information that is lost by deleting factors. None of the models
based on subsets of the feature variables (which are not detailed here) lead to any
improvement in performance.

For the Cranfield collection, we were able to dramatically improve performance by
applying quadratic discriminant analysis to a second matrix decomposition obtained
using only the relevant documents. This alternative to variable selection is discussed
in chapter 7 and will also be attempted on the WSJ text collection. Unfortunately,
it does not improve performance on the new collection. There are important differ-
ence between the two problems that may explain its failure. On Cranfield, the local
decomposition is applied to data consisting of all the documents in the collection.
For the Wall Street Journal, a screening process has already been conducted, and
the remaining non-relevant documents are all relatively close to the relevant region.
Therefore, it is much harder to separate the non-relevant documents in this prob-
lem. As mentioned at the end of the previous chapter, the data from the Cranfield
collection is unusually clean, in the sense that it has a much smaller population of
documents that are not relevant to any query.

The model based on Logistic Regression performs significantly worse than the
other two models. It is immediately clear that we are trying to fit too many pa-
rameters to the model. As the number of parameters increases, the predictive power
over the test set decreases. Tests for the significance of individual parameters reveal
that only a few variables can be said to differ from zero with any degree of certainty.
Variable selection is a common strategy for the logistic model as well, and while it
works slightly more successfully in this context than for LDA, the best model is still
not quite as good as the baseline results obtained for LSI.

Many queries also have a problem with outliers. The outlying observations are
generally relevant documents that are assigned a very low probability of relevance
(often < .05). Removing these observations improves performance slightly, but the

difference is only enough to bring the performance of the method roughly up to par
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when compared to the baseline LSI model. The best models also use variable selection
as described above. From these experiments, we conclude that Logistic Regression is
not well suited for the routing problem, due to the large number of feature variables

that must be modelled.

8.4.2 Regularized Discriminant Analysis

The results of the previous experiment suggest that linear discriminant analysis is
not the ideal method for solving the routing problem, since it cannot outperform
a classification rule based on simply using the centroid of the relevant documents.
There are several factors which may explain why LDA is not more successful. First,
the estimate of the pooled covariance matrix may be poor due to the large number of
feature variables. Second, LDA works best when the covariance matrices of the two
classes are roughly equal, which may be a badly flawed assumption. Both of these
problems can be mitigated by using regularized discriminant analysis, as described in
chapter 6.

In RDA, the estimate of the within-group covariance matrix is biased using two

regularization parameters [26]:
A A "}/ A
i) = (= )% 4 (A

. (1= N)(n; — 1)S; + A(n —2)8
ild) = (1= N(n: — 1) + A(n — 2)

The regularization parameter A measures the relative importance of the pooled and

unpooled estimates of the covariance matrix, with A = 1 corresponding to linear
discriminant analysis. The parameter ~ shrinks the estimate of the covariance ma-
trix towards the identity, which adjusts for potential bias in the eigenvalues of the
estimated covariance matrix. For more details, see chapter 6.

In the first experiment, we measure the impact of changes in the regularization
parameters on performance for the routing problem. Friedman [26] measures perfor-
mance on a H-by-5 grid of values for A and v with each parameter ranging from zero

to one. In general, ¥, cannot be estimated, since the number of variables usually
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exceeds the number of relevant documents. Therefore, we will require that A > 0 and

measure [R performance at the following levels:
A=10.2,0.4,0.6,0.8,1.0] ~ =10.0,0.25,0.50,0.75,1.0]

Since not even the simplest model using the centroid of the relevant documents works
better with more than 120 variables, we will limit the feature set to the first 120 LSI
factors.

The tables below present the results of running regularized discriminant analysis

using fixed values of the regularization parameters for all queries, for average precision:

Ay | 0.0 025 0.5 0.75 1.0

0.2 10172 0.135 0.116 0.103 0.093
0.4 10.259 0.213 0.192 0.175 0.162
0.6 | 0.340 0.304 0.289 0.275 0.260
0.8 10.387 0.371 0.361 0.354 0.346
1.0 | 0.404 0.387 0.382 0.376 0.371

and average recall:

Ay | 0.0 025 0.5 0.75 1.0

0.2 1 0.500 0.466 0.454 0.442 0.430
0.4 10588 0.555 0.542 0.531 0.524
0.6 [ 0.674 0.655 0.647 0.641 0.637
0.8 [0.747 0.752 0.750 0.754 0.754
1.0 | 0.789 0.800 0.803 0.804 0.802

On average, regularization away from LDA reduces performance when up to 100
documents are examined. The average precision drops quickly as the weight of X,
increases and drops more gradually as the covariance matrix is regularized towards
the identity. When the number of documents examined increases to between 100
and 1000, the pattern is the same for regularization away from the pooled covariance
matrix while regularization towards the identity makes no difference when A = 1.

From these tables, it appears that there is no obvious improvement in performance

from regularization away from linear discriminant analysis. However, this conclusion
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applies only to the average results, and performance on a query by query basis may

differ. Since the final goal is to select the regularization parameters using the training

data, it is important to consider the potential improvement which could be obtained

by selecting a separate amount of regularization for each query.

The entries in the tables below show the number of queries that attain their

maximum score at the given setting of the regularization parameters. The first table

measures average precision and the second table measures average recall.

A\y

0.0 025 05 0.75

1.0

0.2
0.4
0.6
0.8
1.0

0
0
1
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For roughly a third of the queries LDA provides the optimal performance, however the

majority of the queries can benefit from some regularization away from that solution.

Ay

0.0 025 05 0.75
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More queries benefit from regularization towards the identity if large numbers of

documents (more than 100) will be examined. The final table shows the performance

levels that could be attained if the optimal value of the regularization parameters

could be selected for each query.

idf

LSI  LDA RDA

avg.prc

avg.rec

0.350 0.392 0.404 0.422
0.766 0.812 0.789 0.817
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While it might seem that these results indicate that RDA has some potential to
improve performance, we must remember that the score for RDA is the theoretical
maximum and will not be attained in practice because of the error associated with
estimating the regularization parameters. The optimal values for RDA are distress-
ingly small when one considers that they are maximized over 25 potential parameter
settings.

The small difference between optimal RDA and LDA shown above appears to
contradict the previous tables which suggest that the optimal settings for the reg-
ularization parameters vary widely from query to query. A closer look at the data
reveals that for A close to one performance is relatively constant over the entire range
of . The optimal values are often greater than their neighbors by only one or two
tenths of a percent.

The final experiments test to see how much of the observed benefits of choosing the
optimal regularization parameters can be achieved in practice. Friedman [26] suggests
estimating the regularization parameters by using cross-validation over the training
set to select the grid point with the lowest misclassification rate. Unfortunately,
this computation is not feasible for our training sets with 2000 observations and 200
variables. Therefore, we must find an alternative strategy.

We begin by splitting the training set into two parts, a smaller initial training
set consisting of two thirds of the data and a validation set consisiting of one third
of the data. The initial training set is used to estimate the model parameters and
the validation set is used to estimate the regularization parameters. The resulting
model is then applied to the test set. Rather than the misclassification rate, average
precision at 10 through 100 documents examined is used as the criterion to select the
optimal values of the regularization parameters, since this is the evaluation criterion.

Unfortunately, this approach leads to worse performance than the model using
LDA. This is probably due to the fact that the model parameters are being estimated
using fewer data points, which results in a corresponding increase in the variance
of their estimators. To get around this problem, we modify the strategy slightly.
Once the regularization parameters are estimated, the validation set is merged back

into the training set and the mean vectors and covariance matrices are re-estimated
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using all the training data. However, this approach also fails. A closer look at the
results reveals that the values of regularization parameters are biased towards too
much regularization. This occurs because the amount of regularization depends to
some extent on the ratio of the number of observations to the number of variables.
When the regularization parameters are estimated on a smaller training set, they are
not unbiased estimates of the parameters for a larger training set. While this effect
is small, it is enough to wipe out any gains due to regularization.

As a final solution, we adopt the strategy of N-fold cross-validation, which is used
for classification and regression trees [7]. This method partitions the training set into
N randomly selected equally sized samples. The samples are removed one at a time
and the remaining data is used to estimate the model parameters while the sample
is used to evaluate performance. The performance figures are combined over all
samples and the maximum score determines the optimal setting of the regularization
parameters. For both 5-fold and 10-fold cross-validation, the final score is 0.407,
which represents an insignificant improvement over using LDA. In fact, the setting
selected for the regularization parameters is equivalent to LDA for 70-80% of the

queries.

8.5 Discussion

The experiments presented in this chapter indicate that classification based on dis-
criminant analysis does not improve performance when compared to a ranking of
documents based on their inner product similarity score with respect to the query.
As described previously, there are two possible explanations for these results. Either
there is no benefit to looking at the distribution of the covariance matrix for the
two classes, or the covariance matrices are poorly estimated. Since regularization did
not substantially improve performance, it is likely that the former is true. There are
additional reasons to favor this hypothesis.

Since the LSI factors are orthogonal, the covariance matrix of the full data set is
diagonal. The vast majority of the represented documents are not relevant, so the

covariance matrix of the non-relevant class and the pooled covariance matrix are also
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roughly diagonal. Therefore, scaling by the covariance matrix is roughly equivalent
to scaling each variable by its variance. The results from the previous section indicate
that regularization towards the identity does little to change performance. Therefore,
there is no reason to rescale distance estimates using the covariance matrix.

It is well known that word similarity statistics provide only an approximate repre-
sentation of the concept of relevance. It appears likely that the information available
is just not of high enough quality to benefit from a model which estimates a very
large number of parameters. Some relevant documents will not share a lot of vocab-
ulary with their fellow class members. The ranking of these documents will change
very little, regardless of the classification technique. The relevant documents that
do share a lot of vocabulary are often easy to identify using simple strategies. In
realistic retrieval situations, as characterized by the documents from this collection,
we are forced to conclude that classification based on discriminant analysis does not

significantly improve performance for the routing problem.
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Chapter 9
Conclusion

It has been recognized that effective information retrieval systems are vital for storing
and managing the vast electronic databases that have been developed over the past
few decades. The core components of IR systems are the search strategies used to
identify documents relevant to the user’s query. In order to successfully implement
search methods, we must look for solutions to the basic problems in information
retrieval.

The information retrieval problem can be expressed in many forms, ranging from
a general desire to summarize the contents of a collection to the goal of seeking the
answer to very specific questions. The work presented in this thesis addresses the
classical IR problem, which is defined as finding all the documents in the collection
that refer to the topic expressed by the user’s query. This problem can be broken up
into three categories, depending on the amount of information given to the system.

In the adhoc search problem, the system must rely solely upon a relatively short
text-based query to define the relevant topic. The system analyzes the query and
then ranks the documents in the collection according to their estimated relevance
to the query. In relevance feedback, the basic search process goes through several
iterations. At each iteration, the user examines one or more of the highest ranking
documents, determines whether or not they are relevant, and submits this information
to the system. The system uses the relevance data to obtain an improved ranking

of the remaining documents in the collection. For the routing problem, the system
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CHAPTER 9. CONCLUSION 144

begins with a relatively large sample of evaluated documents and must estimate the
relevance of newly arriving documents.

Of these problems, the routing task is best suited to statistical methods because
a lot of data in the form of evaluated documents are available to estimate a model of
the relevant topic. In fact, routing is merely a special case of the basic classification
problem, where the goal is to predict which documents are most likely to be relevant.
The IR problem is challenging for classification techniques due to the size of the data

sets and the difficulties associated with finding a reasonable set of feature variables.

9.1 The Vector Space Model

The standard approach to the IR problem is to treat documents and the query as
vectors of term frequencies and measure the similarity between a document and the
query by the inner product of the corresponding term vectors. It is based on the
assumption that a document is related to the query if the two have a lot of vocabulary
in common, and this model works relatively well in practice. A large fraction of the
most successful experimental IR systems rely on some variant of this basic model.

The solution to the Vector Space Model can be computed efficiently even over
very large text collections, using the property that most words occur in only a few
documents. Therefore, similarity scores need only be computed for documents that
have terms in common with the query, and much of this information can be calculated
in advance and stored in the inverted index. Performance can be optimized by the
proper selection of term weights to reflect the fact that some terms are more important
than others and that similarity scores must be normalized to account for document
length.

The Vector Space Model can use any form of free text for the query, ranging from
a few sentences written by the user to describe the topic of interest to the full text of
a relevant document. This property allows the development of automatic relevance
feedback strategies, where the user labels a set of documents according to their rele-
vance and the system automatically incorporates text of the relevant documents into

a revised query. In relevance feedback, these documents are labelled sequentially, as
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the system computes updated rankings. For the routing problem, a large sample of
labelled documents are available in advance, and they can be incorporated into the

initial query.

9.2 Dimension Reduction and Classification

The Vector Space Model suffers from a number of weaknesses that suggest that it
should be possible to produce an improved model. In particular, words are a relatively
poor choice of features. Many words have the same meaning and some words have
many different meanings. The average term occurs in a relatively small number
of documents and thus carries a limited amount of information. The Vector Space
Model is based on an assumption of term independence which is often violated over
real collections. Many terms that relate to same topic will tend to occur together
and common phrases have a very high degree of dependence. In order to improve
performance, we must develop a better set of feature variables.

The first step to applying classification methods in information retrieval is to find
a means of dimension reduction. The average collection contains thousands of terms,
each of which is of only limited value. The most promising strategy is known as Latent
Semantic Indexing and involves applying a singular value decomposition to the term-
document matrix. Terms and documents are re-expressed as linear combinations of
orthogonal indexing variables. Latent Semantic Indexing captures the vital structure
in a document collection using only a few hundred singular vectors.

The IR problem has a number of unique features that make it difficult to solve
using classification methods. Data sets are huge, consisting of thousands of documents
and hundreds of features, even after dimension reduction. Relevant documents are
usually relatively rare, making up a very small fraction of the document collection.
The most successful classification methods are based on discriminant analysis, which
models the population of relevant and non-relevant documents using the multivariate

normal distribution.
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9.3 Evaluation and Retrieval Experiments

The best way to test the performance of different retrieval strategies is using a com-
puter simulation experiment. In this setting, a sample of queries is available and the
documents which are relevant to each query have already been manually identified.
The performance of each automatic system can then be compared to a known stan-
dard of optimal performance. Systems are rated according to their ability to rank
the relevant documents higher than the documents which are not relevant. While
one can make a number of arguements about how and why this test setting does not
reflect reality, no better methods for evaluating performance have been developed.

Our experimental work begins on the Cranfield corpus, a small collection of docu-
ments on a technical subject. We develop baseline values for the Vector Space Model
by optimizing over a number of different term-weighting strategies. When Latent
Semantic Indexing is applied to the collection, we discover that performance actually
improves using a representation consisting of roughly 200 factors. There are very few
relevant documents per query in Cranfield so classification methods have little success
on the routing problem even in the reduced space. However, when each query is mod-
elled separately by a set of features that characterize the local space around the rele-
vant documents, we obtain a dramatic improvement in performance. Unfortunately,
the Cranfield collection has an unusually favorable structure for experiments based
on cross-validation (which is necessary to obtain unbiased performance estimates for
the routing problem on this collection) which indicates that the performance gains
may not carry over to other collections.

Subsequent experiments are carried out on a very large selection of articles from
the Wall Street Journal. This collection consists of almost 200,000 documents, so
its size poses new challenges for classification algorithms. Storing and computing an
LST solution for the full collection proves to be a daunting task, and the global LSI
factors simply do not capture enough of the structure in the region of the query to
produce adequate performance in retrieval experiments. Rather, we must develop a
local LSI representation for each query by applying the matrix decomposition to a

sample of documents in the neighborhood of the routing query. This method proves
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to be extremely successful, and the reduced LSI representation of local space once
again leads to improved retrieval performance. However, linear discriminant analysis
does not further improve performance. Regularization is used to try and obtain better
estimates of the pooled covariance matrix, but the final results suggest that there is
little benefit to regularization away from LDA, and that the optimal regularization

parameters are difficult to estimate accurately.

9.4 Extensions of this work

The experiments conducted in chapter 8 demonstate that it is difficult to improve
performance for the routing problem using classification techniques based on discrim-
inant analysis. However, this does not mean that we should give up on this direction
of research. It seems that LDA fails largely because the pooled covariance matrix is
almost diagonal. Therefore, LDA does little more than rescale the variables, and the
scale of the variables does not make much difference in performance for this problem.
There are several ways that we can address this issue.

It may be possible to select a better representation of the local region. In particu-
lar, our experiments did not study the impact of changing the number of documents
used to define the local neighborhood. We have recognized that many relevant doc-
uments score poorly because they have very little vocabulary in common with the
relevant topic, therefore no search method based on word similarity will have much
chance to recover them. These outliers may well hurt the performance of the clas-
sification rule. If the local region shrinks to exclude these documents, classification
techniques may have more success.

Furthermore, a smaller neighborhood will have a higher density of relevant doc-
uments, which should also help improve classification techniques, because a higher
proportion of the LSI factors will be used to measure the structure of the relevant
documents. The pooled covariance matrix will have richer structure because the
distribution of the relevant documents can be measured in more detail. In previ-
ous experiments, when non-relevant documents outnumbered relevant documents by

twenty to one, most of the LSI factors must measure the variability in the non-relevant
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documents. These factors do not help much for classification and using them only
adds to the variability of the model.

The retrieval experiments in chapter 8 were too ambitious, in the sense that they
tried to capture all the relevant documents in the local region. By sacrificing recall
in order to increase the density of relevant documents in the local neighborhood,
classification methods may well be much more successful. That is the current direction
of research being pursued by the author. However, it may also be possible to improve
performance using alternative strategies. In particular, we could work to improve the
query and document representations.

The models studied in this thesis represent queries by vectors of term frequencies.
As described in chapter 4, words often do not make good features, and it may be help-
ful to supplement them with phrases or word clusters. For example, one TREC query
is searching for “leveraged buy-outs”. All of these words occur commonly in other
contexts, so identifying the entire phrase is crucial to obtain good performance. The
experiments presented here assume that LSI is a surrogate for phrase construction.
It may be beneficial to identify important phrases in the query before conducting an
LSI decomposition. While an improved set of features will help all retrieval meth-
ods, it should be particularly helpful for more complex models based on statistical
classification.

The Vector Space Model assumes that the content of a document is generally
limited to a single topic. For the longer full-text documents contained in the Wall
Street Journal, this may not be the case. As described in chapter 3, a lot of recent
research has been devoted to partitioning documents into passages and using mea-
surements based on passage similarity to improve retrieval performance. An improved
reprsentation of documents would also make classificaton algorithms more effective.
Basically, any procedure which can improve the quality of the data makes it easier
to estimate more complex models, which should make classification techniques more
effective when compared to the basic model.

Until we have more success with the routing task, there is little hope in trying to
applying classification techniques to other IR problems, such as relevance feedback,

where even less information is available to the system. Relevance feedback is an even
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more challenging problem because the system receives a biased training sample. Since
the final goal is to obtain as many relevant document as possible, the user evaluates
only those documents most likely to be relevant. Therefore, classification methods
trained on this sample cannot be expected to generalize to the remaining less-relevant
documents in the collection. Therefore, improving on the current methods of relevance
feedback will require an alternative approach (for example [48]).

From the work presented in this thesis, it is clear that dimension reduction using
Latent Semantic Indexing can be accomplished with no loss in retrieval performance,
even for very large collections. However, the LSI representation must be computed
separately in the local region of each query. Unfortunately, the issue of whether
classification algorithms can further improve performance still remains in doubt. It
appears that word features simply contain too much noise to be accurately modelled
with sophisticated classification algorithms. However, our experiments worked on
samples with a very small percentage of relevant documents. There is still some hope
that by increasing the ratio of relevant to non-relevant documents, we can develop
classification methods that will work better than the basic model for the routing
problem. If this tactic fails, we must improve the quality of the data by finding
better representations of queries and documents before we can expect to successfully

apply classification algorithms.
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