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Preface 

Information retrieval (IR) has changed considerably in recent years with the expansion 
of the World Wide Web and the advent of modem and inexpensive graphical user 
interfaces and mass storage devices. As a result, traditional IR textbooks have become 
quite out of date and this has led to the introduction of new IR books. Nevertheless, we 
believe that there is still great need for a book that approaches the field in a rigorous 
and complete way from a computer-science perspective (as opposed to a user-centered 
perspective). This book is an effort to partially fulfill this gap and should be useful for 
a first course on information retrieval as well as for a graduate course on the topic. 

The book comprises two portions which complement and balance each other. 
The core portion includes nine chapters authored or coauthored by the designers of 
the book. The second portion, which is fully integrated with the first, is formed by 
six state-of-the-art chapters written by leading researchers in their fields. The same 
notation and glossary are used in all the chapters. Thus, despite the fact that several 
people have contributed to the text, this book is really much more a textbook than 
an edited collection of chapters written by separate authors. Furthermore, unlike a 
collection of chapters, we have carefully designed the contents and organization of the 
book to present a cohesive view of all the important aspects of modern information 
retrieval. 

From JR models to indexing text, from IR visual tools and interfaces to the Web, 
from IR multimedia to digital libraries, the book provides both breadth of coverage and 
richness of detail. It is our hope that, given the now clear relevance and significance of 
information retrieval to modern society, the book will contribute to further disseminate 
the study of the discipline at information science, computer science, and library science 
departments throughout the world. 

Ricardo Baeza-Yates, Santiago, Chile 
Berthier Ribeiro-Neto, Belo Horizont e, Brazil 

January, 1999 
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Chapter 1 
Introduction 

1.1 Motivation 

Information retrieval (IR) deals with the repre$entation, storage, organization 
of, and access to information items. The representation and organization of the 
information items should provide the user with easy access to the information in 
which he is interested. Unfortunately, characterization of the user information 
need is not a simple problem. Consider, for instance, the following hypothetical 
user information need in the context of the \Vorld Wide Web (or just the \Veb): 

Find all the pages (documents) containing information on college ten­
nis teams which: (1) are maiutaiue<l by an uuiversity in the USA and 
(2) participate in the NCAA tennis tournament. To be relevant, the 
page must include information on the national ranking of the team 
in the last three years and the email or phone number of the team 
coach. 

Clearly, this full description of the user information need cannot be used directly 
to request information using the current interfaces of \Veb search engines. In­
stead, the user must first translate this information need into a query which can 
be processed by the search engine (or IR system). 

In its most common form, this translation yields a set of keywords ( or index 
terms) which summarizes the description of the user information need. Given the 
user query, the key goal of an IR system is to retrieve information which might 
be useful or relevant to the user. The emphasis is on the retrieval of infonn.ation 
as opposed to the retrieval of data. 

1.1.1 Information versus Data Retrieval 

Data retrieval, in the context of an IR system, consists mainly of determining 
which documents of a collection contain the keywords in the user query which, 
most frequently, is not enough to satisfy the user information need. In fact, 
the user of an IR system is concerned more with retrieving information about a 
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subject than with retrieving data which satisfies a given query. A data retrieval 
language aims at retrieving all objects which satisfy clearly defined conditions 
such as those in a regular expression or in a relational algebra expression. Thus, 
for a data retrieval system, a single erroneous object among a thousand retrieved 
objects means total failure. For an information retrieval system, however, the 
retrieved objects might be inaccurate and small errors are likely to go unnoticed. 
The main reason for this difference is that information retrieval usually deals 
with natural language text which is not always well structured and could be 
semantically ambiguous. On the other hand, a data retrieval system (such as 
a relational database) deals with data that has a well defined structure and 
semantics. 

Data retrieval, while providing a solution to the user of a database system, 
does not solve the problem of retrieving information about a subject or topic. 
To be effective in its attempt to satisfy the user information need, the IR system 
must somehow 'interpret' the contents of the information items (documents) 
in a collection and rank them according to a degree of relevance to the user 
query. This 'interpretation' of a document content involves extracting syntactic 
and semantic information from the document text and using this information 
to match the user information need. The difficulty is not only knowing how 
to extract this information but also knowing how to use it to decide relevance. 
Thus, the notion of relevance is at the center of information retrieval. In fact, the 
primary goal of an IR system is to retrieve all the documents which are relevant 
to a user query while retrieving as few non-relevant documents as possible. 

1.1.2 Information Retrieval at the Center of the Stage 

In the past 20 years, the area of information retrieval has grown well beyond its 
primary goals of indexing text and searching for useful documents in a collec­
tion. Nowadays, research in IR includes modeling, document classification and 
categorization, systems architecture, user interfaces, data visualization, filtering, 
languages, etc. Despite its maturity, until recently, IR was seen as a narrow 
area of interest mainly to librarians and information experts. Such a tenden­
tious vision prevailed for many years, despite the rapid dissemination, among 
users of modern personal computers, of IR tools for multimedia and hypertext 
applications. In the beginning of the 1990s, a single fact changed once and for 
all these perceptions - the introduction of the World Wide Web. 

The Web is becoming a universal repository of human knowledge and cul­
ture which has allowed unprecedent sharing of ideas and information in a scale 
never seen before. Its success is based on the conception of a standard user 
interface which is always the same no matter what computational environment 
is used to run the interface. As a result, the user is shielded from details of 
communication protocols, machine location, and operating systems. Further, 
any user can create his own Web documents and make them point to any other 
Web documents without restrictions. This is a key aspect because it turns the 
Web into a new publishing medium accessible to everybody. As an immediate 
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consequence, any Web user can push his personal agenda with little effort and 
almost at no cost. This universe without frontiers has attracted tremendous 
attention from millions of people everywhere since the very beginning. Further­
more, it is causing a revolution in the way people use computers and perform 
their daily tasks. For instance, home shopping and home banking are becoming 
very popular and have generated several hundred million dollars in revenues. 

Despite so much success, the Web has introduced new problems of its own. 
Finding useful information on the Web is frequently a tedious and difficult task. 
For instance, to satisfy his information need, the user might navigate the space 
of Web links (i.e., the hyperspace) searching for information of interest. How­
ever, since the hyperspace is vast and almost unknown, such a navigation task is 
usually inefficient. For naive users, the problem becomes harder, which might en­
tirely frustrate all their efforts. The main obstacle is the absence of a well defined 
underlying data model for the Web, which implies that information definition 
and structure is frequently of low quality. These difficulties have attracted re­
newed interest in IR and its techniques as promising solutions. As a result, almost 
overnight, IR has gained a place with other technologies at the center of the stage. 

1.1.3 Focus of the Book 

Despite the great increase in interest in information retrieval, modern textbooks 
on IR with a broad ( and extensive) coverage of the various topics in the field 
are still difficult to find. In an attempt to partially fulfill this gap, this book 
presents an overall view of research in IR from a computer scientist's perspec­
tive. This means that the focus of the book is on computer algorithms and 
techniques used in information retrieval systems. A rather distinct viewpoint 
is taken by librarians and information science researchers, who -adopt a human­
centered interpretation of the IR problem. In this interpretation, the focus is 
on trying to understand how people interpret and use information as opposed 
to how to structure, store, and retrieve information automatically. While most 
of this book is dedicated to the computer scientist's viewpoint of the IR prob­
lem, the human-centered viewpoint is discussed to some extent in the last two 
chapters. 

We put great emphasis on the integration of the different areas which are 
closed related to the information retrieval problem and thus, should be treated 
together. For that reason, besides covering text retrieval, library systems, user 
interfaces, and the Web, this book also discusses visualization, multimedia re­
trieval, and digital libraries. 

1. 2 Basic Concepts 

The effective retrieval of relevant information is directly affected both by the user 
task and by the logical view of the documents adopted by the retrieval system, 
as we now discuss. 
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Figure 1.1 Interaction of the user with the retrieval system through distinct tasks. 

1.2.1 The User Task 

The user of a retrieval system has to translate his information need into a query 
in the language provided by the system. With an information retrieval system, 
tMs normally implies specifying a set of words which convey the semantics of 
the information need. With a data retrieval system, a query expression (such as, 
for instance, a regular expression) is used to convey the constraints that must 
be satisfied by objects in the answer set. In both cases: we say that the user 
searches for useful information executing a retrieval task. 

Consider now a user who has an interest which is either poorly defined 
or which is inherently broad. For instance, the user might be interested in 
documents about car racing in general. In this situation, the user might use 
an interactive interface to simply look around in the collection for documents 
related to car racing. For instance, he might find interesting documents about 
Formula 1 racing, about car manufacturers, or about the '24 Hours of Le Mans.' 
Furthermore, while reading about the '211 Homs of Le Mans', he might turn his 
attention to a document which provides directions to Le Mans and, from there, 
to documents which cover tourism in France. In this situation, we say that 
the user is browsing the documents in the collection, not searching. It is still a 
process of retrieving information, but one whose main objectives are not clearly 
defined in the beginning and whose purpose might change during the interaction 
with the system. 

In this book, we make a clear distinction between the different tasks the 
user of the retrieval system might be engaged in. His task might be of two distinct 
types: information or data retrieval and browsing. Classic information retrieval 
systems normally allow information or data retrieval. Hypertext systems are 
usually tuned for providing quick browsing. Modern digital library and Web 
interfaces might attempt to combine these tasks to provide improved retrieval 
capabilities. However, combination of retrieval and browsing is not yet a well 
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established approach and is not the dominant paradigm. 
Figure 1.1 illustrates the interaction of the user through the different tasks 

we identify. Information arid data retrieval are usually provided by most modern 
information retrieval systems ( such as Web interfaces). Further, such systems 
might also provide some (still limited) form of browsing. While combining infor­
mation and data retrieval with browsing is not yet a common practice, it might 
become so in the future. 

Both retrieval and browsing are, in the language of the World Wide Web, 
'pulling' actions. That is, the user requests the information in an interactive 
manner. An alternative is to do retrieval in an automatic and permanent fashion 
using software agents which push the information towards the user. For instance, 
information useful to a user could be extracted periodically from a news service. 
In this case, we say that the IR system is executing a particular retrieval task 
which consists of filtering relevant information for later inspection by the u.~er. 
We briefly discuss filtering in Chapter 2. 

1.2.2 Logical View of the Documents 

Due to historical reasons, documents in a collection are frequently represented 
through a set of index terms or keywords. Such keywords might be extracted 
directly from the text of the document or might be specified by a human subject 
(as frequently done in the information sciences arena). No matter whether these 
representative keywords are derived automatically or generated by a specialist, 
they provide a logical view of the document. For a precise definition of the concept 
of a document and its characteristics, sec Chapter 6. 

Modern computers are making it possible to represent a document by its 
full set of words. In this case, we say that the retrieval system adopts a full text 
logical view ( or representation) of the documents. With very large collections, 
however, even modern computers might have to reduce the set of representa­
tive keywords. This can be accomplished through the elimination of stopwords 
(such as articles and connectives), the use of stemming (which reduces distinct 
words to their common grammatical root), and the identification of noun groups 
(which eliminates adjectivest adverbs, and verbs) . Further, compression might 
be employed. These operations are called text operations (or transformations) 
and are covered in detail in Chapter 7. Text operations reduce the complexity 
of the document representation and allow moving the logical view from that of 
a full text to that of a set of index terms. 

The full text is clearly the most complete logical view of a document but 
its usage usually implies higher computational costs. A small set of categories 
(generated by a human specialist) provides the most concise logical view of a 
document but its usage might lead to retrieval of poor quality. Several interme­
diate logical views ( of a document) might be adopted by an information retrieval 
system as illustrated in Figure 1.2. Besides adopting any of the intermediate 
representations, the retrieval system might also recognize the internal structure 
normally present in a document (e.g., chapters, sections, subsections, etc.). This 
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Figure 1.2 Logical view of a document: from full text to a set of index terms. 

information on the structure of the document might be quite useful and is re­
quired by structured text retrieval models such as those discussed in Chapter 2. 

As illustrated in Figure 1.2: we view the issue of logically representing 
a document as a continuum in which the logical view of a document might 
shift (smoothly) from a full text representation to a higher level representation 
specified by a human subject. 

1.3 Past, Present, and Future 

1.3.1 Early Developments 

For approximately 4000 years, man has organized information for later retrieval 
and usage. A typical example is the table of contents of a book. Since the volume 
of information eventually· grew beyond a few books, it became necessary to build 
specialized data structures to ensure faster access to the stored information. An 
old and popular data structure for faster information retrieval is a collection 
of selected words or concepts with which are associated pointers to the related 
information (or documents) - the index. In one form or another, indexes are at 
the core of every modern information retrieval system. They provide faster access 
to the data and allow the query processing task to be speeded up. A detailed 
coverage of indexes and their usage for searching can be found in Chapter 8. 

For centuries, indexes were created manually as categorization hierarchies. 
In fa.ct, most libraries still use some form of categorical hierarchy to classify 
their volume:5 (or docurnent:5), as discussed in Chapter 14. Such hierarchies have 
nsually been conceived by human subjects from the library sciences field. More 
recently, the advent of modern computers has made possible the construction of 
large indexes automatically. Automatic indexes provide a view of the retrieval 
problem which is much more related to the system itself than to the user need. 
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In this respect, it is important to distinguish between two different views of the 
IR problem: a computer-centered one and a human-centered one. 

In the computer-centered view, the IR problem consists mainly of building 
up efficient indexes, processing user queries with high performance, and devel­
oping ranking algorithms which improve the 'quality' of the answer set. In the 
human-centered view, the IR problem consists mainly of studying the behav­
ior of the user, of understanding his main needs, and of determining how such 
understanding affects the organization and operation of the retrieval system. Ac­
cording to this view, keyword based query processing might be seen as a strategy 
which is unlikely to yield a good solution to the information retrieval problem 
in the long run. 

In this book, we focus mainly on the computer-centered view of the IR 
problem because it continues to be dominant in the market place. 

1.3.2 Information Retrieval in the Library 

Libraries were among the first institutions to adopt IR systems for retrieving 
information. Usually, systems to be used in libraries were initially developed by 
academic institutions and later by commercial vendors. In the first generation, 
such systems consisted basically of an automation of previous technologies ( such 
as card catalogs) and basically allowed searches based on author name and ti­
tle. In the second generation, increased search functionality was added which 
allowed searching by subject headings, by keywords, and some more complex 
query facilities. In the third generation, which is currently being deployed, the 
focus is on improved graphical interfaces, electronic forms, hypertext features, 
and open system architectures. 

Traditional library management system vendors include Endeavor Infor­
mation Systems Inc., Innovative Interfaces Inc., and EOS International. Among 
systems developed with a research focus and used in academic libraries, we dis­
tinguish Okapi (at City University, London), MELVYL (at University of Califor­
nia), and Cheshire II (at UC Berkeley). Further details on these library systems 
can be found in Chapter 14. 

1.3.3 The Web and Digital Libraries 

If we consider the search engines on the v\Teb today, we conclude that they 
continue to use indexes which are very similar to those used by librarians a 
century ago. What has changed then? 

Three dramatic a.nd fundamental changes have occurred due to the ad­
vances in modern computer technology and the boom of the Web. First, it 
became a lot cheaper to have access to various sources of information. This al­
lows reaching a wider audience than ever possible before. Second, the advances 
in all kinds of digital communication provided greater access to networks. This 
implies that the information source is available even if distantly located and that 
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the access can be done quickly (frequently, in a few seconds). Third, the freedom 
to post whatever information someone judges useful has greatly contributed to 
the popularity of the Web. For the first time in history, many people have free 
access to a large publishing medium. 

Fundamentally, low cost, greater access, and publishing freedom have al­
lowed people to use the Web (and modern digital libraries) as a highly inter­
active medium. Such interactivity allows people to exchange messages, photos, 
documents, software, videos, and to 'chat' in a convenient and low cost fashion. 
Further, people can do it at the time of their preference (for instance, you can 
buy a book late at night) which further improves the convenience of the service. 
Thus, high interactivity is the fundamental and current shift in the communi­
cation paradigm. Searching the Web is covered in Chapter 13, while digital 
libraries are covered in Chapter 15. 

In the future, three main questions need to be addressed. First, despite 
the high interactivity, people still find it difficult (if not impossible) to retrieve 
information relevant to their information needs. Thus1 in the dynamic world 
of the Web and of large digital libraries, which techniques will allow retrieval 
of higher quality? Second, with the ever increasing demand for access, quick 
response is becoming more and more a pressing factor. Thus, which techniques 
will yield faster indexes and smaller query response times? Third, the quality 
of the retrieval task is greatly affected by the user interaction with the system. 
Thus, how will a better understanding of the user behavior affect the design and 
deployment of new information retrieval strategies? 

1.3.4 Practical Issues 

Electronic commerce is a major trend on the Web nowadays and one which has 
benefited millions of people. In an electronic transaction, the buyer usually has 
to submit to the vendor some form of credit information which can be used for 
charging for the product or service. In its most common form, such information 
consists of a credit card number. However, since transmitting credit card num­
bers over the Internet is not a safe procedure, such data is usually transmitted 
over a fax line. This implies that, at least in the beginning, the transaction 
between a new user and a vendor requires executing an off-line procedure of 
several steps before the actual transaction can take place. This situation can 
be improved if the data is encrypted for security. In fact, some institutions and 
companies already provide some form of encryption or automatic authentication 
for security reasons. 

However, security is not the only concern. Another issue of major interest 
is privacy. Frequently, people are willing to exchange information as long as it 
does not become public. The reasons are many but the most common one is 
to protect oneself against misuse of private information by third parties. Thus, 
privacy is another issue which affects the deployment of the Web and which has 
not been properly addressed yet. 

Two other very important issues are copyright and patent rights. It is far 
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from clear how the wide spread of data on the Web affects copyright and patent 
laws in the various countries. This is important because it affects the business 
of building up and deploying large digital libraries. For instance, is a site which 
supervises all the information it posts acting as a publisher? And if so, is it 
responsible for a misuse of the information it posts (even if it is not the source)? 

Additionally, other practical issues of interest include scanning, optical 
character recognition (OCR), and cross-language retrieval (in which the query 
is in one language but the documents retrieved are in another language). In this 
book, however, we do not cover practical issues in detail because it is not our 
main focus. The reader interested in details of practical issues is referred to the 
interesting book by Lesk [501]. 

1.4 The Retrieval Process 

At this point, we are ready to detail our view of the retrieval process. Such a 
process is interpreted in terms of component subprocesses whose study yields 
many of the chapters in this book. 

To describe the retrieval process, we use a simple and generic software 
architecture as shown in Figure 1.3. First of all, before the retrieval process can 
even be initiated, it is necessary to define the text database. This is usually done 
by the manager of the database, which specifies the following: (a) the documents 
to be used, (b) the operations to be performed on the text, and ( c) the text model 
(i.e., the text structure and what elements can be retrieved). The text operations 
transform the original documents and generate a logical view of them. 

Once the logical view of the documents is defined, the database manager 
(using the DB Manager Module) builds an index of the text. An index is a 
critical data structure because it allows fast searching over large volumes of 
data. Different index structures might be used, but the most popular one is the 
inverted file as indicated in Figure 1.3. The resources ( time and storage space) 
spent on defining the text database and building the index are amortized by 
querying the retrieval system many times. 

Given that the document database is indexed, the retrieval process can be 
initiated. The user first specifies a user need which is then parsed and trans­
formed by the same text operations applied to the text. Then, query operations 
might be applied before the actual query, which provides a system representation 
for the user need, is generated. The query is then processed to obtain the re­
trieved documents. Fast query processing is made possible by the index structure 
previously built. 

Before been sent to the user, the retrieved documents are ranked according 
to a likelihood of relevance. The user then examines the set of ranked documents 
in the search for useful information. At this point, he might pinpoint a subset 
of the documents seen as definitely of interest and initiate a user feedback cycle. 
In such a cycle, the system uses the documents selected by the user to change 
the query formulation, Hopefully, this modified query is a better representation 



10 INTRODUCTION 

- - ---·-------... User 
Text 

.-----1 Interface 

user need 4, 10 Text 

Text Operations 
..._-..----- ----------r-- ___,6, 7 

logical view logical view 

Query .__ __ 
user feedback Operations 

Indexing 
___ DE Manager 

5 

query 

Searching 

-----.--~ 8 

retrieved docs 

..._ ____ _, Ranking 
ranked docs ...._ __ __, 2 

8 
inverted file 

Module 

Text 
Database 

Figure 1.3 The process of retrieving information (the numbers beside each box in­
dicate the chapters t hat cover the corresponding topic). 

of the real user need. 
The small numbers outside the lower right corner of various boxes in Fig­

ure 1.3 indicate the chapters in this book which discuss the respective subpro­
cesses in detail. A brief introduction to each of these chapters can be found in 
section 1. 5. 

Consider now the user interfaces available with current information re­
trieval systems (including Web search engines and Web browsers) . We first 
notice that the user almost never declares his information need. Instead, he is 
required to provide a direct representation for the query that the system will 
execute. Since most users have no knowledge of text and query operations, the 
query they provide is frequently inadequate. Therefore, it is not surprising to 
observe that poorly formulated queries lead to poor retrieval ( as happens so often 
on the Web). 

1.5 Organization of the Book 

For ease of comprehension, this book has a straightforward structure in which 
four main parts are distinguished: text IR, human-computer interaction (HCI) 
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for IR, multimedia IR: and applications of IR. Text IR discusses the classic prob­
lem of searching a collection of <locuments for useful information. HCI for IR 
discusses current trends in IR towards improved user interfaces and better data 
visualization tools. Multimedia IR discusses how to index document images and 
other binary data by extracting features from their content and how to search 
them efficiently. On the other hand, document images that are predominantly 
text (rather than pictures) are called textual images and are amenable to au­
tomatic extraction of keywords through metadescriptors, and can be retrieved 
using text IR techniques. Applications of IR covers modern applications of IR 
such as the Web, bibliographic systems, and digital libraries. Each part is divided 
into topics which we now discuss. 

1.5.1 Book Topics 

The four parts which compose this book are subdivided into eight topics as 
illustrated in Figure 1.4. These eight topics are as follows. 

The topic Retrieval Models €1 Evaluation discusses the traditional models 
of searching text for useful information and the procedures for evaluating an 
information retrievc:Ll system. The topic Imprnvements on Retrieval discusses 
techniques for transforming the query and the text of the documents with the 
aim of improving retrieval. The topic Efficient Prvcessing discusses indexing and 
searching approaches for speeding up the retrieval. These three topics compose 
the first part on Text IR. 

The topic Interfaces f:J Visualization covers the interaction of the user with 
the information retrieval system. The focus is on interfaces which facilitc:Lte the 
process of specifying a query and provide a good visualization of the results. 

The topic Multimedia Modeling €3 Searching discm,ses the utilization of mul­
timedia data \:vith information retrieval systems. The focus is on modeling, index­
ing, and searching multimedia data such as voice, images, and other binary data. 

TEXT IR 

Retrieval Models & 
Evaluation 

lmprovemenl~ on 
Retrieval 

Efficient 

Pl'Kessfff11 

HUMAN-COMPUTER 
INTERACTIOI\ FOR IR 

Interfaces & 
Visualization 

MULTIMEDIA IR 

Multimedia Modeling & 
,___., ~hla11 

APPLICATIONS OF IR 

Figure 1.4 Topics which compose the book and their relationships. 
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The part on applications of IR is composed of three interrelated topics: 
The ¾' eb, Bibliographic Systems, and Digital Libraries. Techniques developed 
for the first two applications support the deploynient of the latter. 

The eight topics distinguished above generate the 14 chapters, besides this 
introduction, which compose this book and which we now briefly introduce. 

1.5.2 Book Chapters 

Figure 1.5 illustrates the overall structure of this book. The reasoning which 
yielded the chapters from 2 to 15 is as follows. 
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Figure 1.5 Structure of the book. 
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In the traditional keyword-based approach, the user specifies his informa­
tion need by providing sets of keywords and the information system retrieves the 
documents which best approximate the user query. Also, the informat ion system 
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might attempt to rank the retrieved documents using some measure of relevance. 
This ranking task is critical in the process of attempting to satisfy the user infor­
mation need and is the main goal of modeling in IR. Thus, h1formation retrieval 
models are discussed early in Chapter 2. The discussion introduces many of the 
fundamental concepts in information retrieval and lays down much of the foun­
dation for the subsequent chapters. Our coverage is detailed and broad. Classic 
models (Boolean, vector, and probabilistic), modern probabilistic variants (belief 
network models), alternative paradigms (extended Boolean, generalized vector, 
latent semantic indexing, neural networks, and fuzzy retrieval), structured text 
retrieval, and models for browsing (hypertext) are all carefully introduced and 
explained. 

Once a new retrieval algorithm (maybe based on a new retrieval model) 
is conceived, it is necessary to evaluate its performance. Traditional evaluation 
strategies usually attempt to estimate the costs of the new algorithm in terms 
of time and space. With an information retrieval system, however, there is the 
additional issue of evaluating the relevance of the documents retrieved. For this 
purpose, text reference collections and evaluation procedures based on variables 
other than time and space are used. Chapter 3 is dedicated to the discussion of 
retrieval evaluation. 

In traditional IR, queries are normally expressed as a set of keywords which 
is quite convenient because the approach is simple and easy to implement. How­
ever, the simplicity of the approach prevents the formulation of more elaborate 
querying tasks. For instance, queries which refer to both the structure and the 
content of the text cannot be formulated. To overcome this deficiency, more 
sophisticated query languages are required. Chapter 4 discusses various types 
of query languages. Since now the user might refer to the structure of a docu­
ment in his query, this structure has to be defined. This is done by embedding 
the description of a document content and of its structure in a text language 
such as the Standard Generalized Markup Language (SGML). As illustrated in 
Figure 1.5, Chapter 6 is dedicated to the discussion of text languages. 

Retrieval based on keywords might be of fairly low quality. Two possible 
reasons are as follows. First, the user query might be composed of too few 
terms which usually implies that the query context is poorly characterized. This 
is frequently the case, for instance, in the Web. This problem is dealt with 
through transformations in the query such as query expansion and user relevance 
feedback. Such query operations are covered in Chapter 5. Second, the set of 
keywords generated for a given document might fail to summarize its semantic 
content properly. This problem is dealt with through transformations in the text 
such as identification of noun groups to be used as keywords, stemming, and the 
use of a thesaurus. Additionally, for reasons of efficiency, text compression can 
be employed. Chapter 7 is dedicated to text operations. 

Given the user query, the information system has to retrieve the documents 
which are related to that query. The potentially large size of the document collec­
tion (e.g., the Web is composed of millions of documents) implies that specialized 
indexing techniques must be used if efficient retrieval is to be achieved. Thus, to 
speed up the task of matching documents to queries, proper indexing and search-
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ing techniques are used as discussed in Chapter 8. Additionally, query processing 
can be further accelerated through the adoption of parallel and distributed IR 
techniques as discussed in Chapter 9. 

As illustrated in Figure 1.5, all the key issues regarding Text IR, from 
modeling to fast query processing, are covered in this book. 

Modern user interfaces implement strategies which assist the user to form 
a query. The main objective is to allow him to define more precisely the context 
associated to his information need. The importance of query contextualization 
is a consequence of the difficulty normally faced by users during the querying 
process. Consider, for instance, the problem of quickly finding useful information 
in the Web. Navigation in hyperspace is not a good solution due to the absence 
of a logical and semantically well defined structure ( the Web has no underlying 
logical model). A popular approach for specifying a user query in the Web 
consists of providing a set of keywords which are searched for. Unfortunately, the 
number of terms provided by a common user is small (typically, fewer than four) 
which usually implies that the query is vague. This means that new user interface 
paradigms which assist the user with the query formation process are required. 
Further, since a vague user query usually retrieves hundreds of documents, the 
conventional approach of displaying these documents as items of a scrolling list is 
clearly inadequate. To deal with this problem, new data visualization paradigms 
have been proposed in recent years. The main trend is towards visualization of 
a large subset of the retrieved documents at once and direct manipulation of the 
whole subset. User interfaces for assisting the user to form his query and current 
approaches for visualization of large data sets are covered in Chapter 10. 

Following this, we discuss the application of IR techniques to multimedia 
data. The key issue is how to model, index) and search structured documents 
which contain multimedia objects such as digitized voice1 images, and other 
binary data. Mode ls and query languages for office and medical information 
retrieval systems are covered in Chapter 11. Efficient indexing and searching of 
multimedia objects is covered in Chapter 12. Some readers may argue that the 
models and techniques for multimedia retrieval are rather different from those 
for classic text retrieval. However, we take into account that images and text 
are usually together and that with the Web, other media types (such as video 
and audio) can also be mixed in. Therefore, we believe that in the future, all 
the above will be treated in a unified and consistent manner. Our book is a first 
step in that direction. 

The final three chapters of the book are dedicated to applications of mod­
ern information retrieval: the Web, bibliographic systems, and digital libraries. 
As illustrated in Figure 1.5, Chapter 13 presents the "\,Veb and discusses the main 
problems related to the issue of searching the Web for useful information. Also, 
our discussion covers briefly the most popular search engines in the Web present­
ing particularities of their organization. Chapter 14 covers commercial document 
databases and online public access catalogs. Commercial document databases 
are still the largest information retrieval systems nowadays. LEXIS-NEXIS, for 
instance, has a database with 1.3 billion documents and attends to over 120 
million query requests annually. Finally, Chapter 15 discusses modern digital 
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libraries. Architectural issues, models, prototypes, and standards are all cov­
ered. The discussion also introduces the '5S' model (streams, structures, spaces, 
scenarios and societies) as a framework for providing theoretical and practical 
unification of digital libraries. 

1.6 How to Use this Book 

Although several people have contributed chapters for this book, it is really a 
textbook. The contents and the structure of the book have been carefully de­
signed by the two main authors who also authored or coauthored nine of the 
15 chapters in the book. Further, all the contributed chapters have been judi­
ciously edited and integrated into a unifying framework that provides uniformity 
in structure and style, a common glossary, a common bibliography, and appro­
priate cross-references. At the end of each chapter, a discussion on research 
issues, trends, and selected bibliography is included. This discussion should be 
useful for graduate students as well as for researchers. Furthermore, the book is 
complemented by a Web page with additional information and resources. 

1.6.1 Teaching Suggestions 

This textbook can be used in many different areas including computer science 
(CS), information systems, and library science. The following list gives suggested 
contents for different courses at the undergraduate and graduate level, based on 
syllabuses of many universities around the world: 

• Information Retrieval (Computer Science, undergraduate): this is the 
standard course for many CS programs. The minimum content should 
include Chapters 1 to 8 and Chapter 10, that is, most of the part on Text 
IR complemented with the chapter on user interfaces. Some specific topics 
of those chapters, such as more advanced models for IR and sophisticated 
algorithms for indexing and searching, can be omitted to fit a one term 
course. The chapters on Applications of IR can be mentioned briefly at the 
end. 

• Advanced Information Retrieval (Computer Science, graduate): sim­
ilar to the previous course but with more detailed coverage of the various 
chapters particularly modeling and searching (assuming the previous course 
as a requirement). In addition, Chapter 9 and Chapters 13 to 15 should 
be covered completely. Emphasis on research problems and new results is 
a must. 

• Information Retrieval (Information Systems, undergraduate): this 
course is similar to the CS course, but with a different emphasis. It should 
include Chapters 1 to 7 and Chapter 10. Some notions from Chapter 8 are 



16 INTRODUCTION 

useful but not crucial. At the end, the system-oriented parts of the chap­
ters on Applications of IR, in particular those on Bibliographic Systems 
and Digital Libraries, must be covered (this material can be complemented 
with topics from [501]). 

• Information Retrieval (Library Science, undergraduate): similar to the 
previous course, but removing the more technical and advanced material of 
Chapters 21 5, and 7. Also, greater emphasis should be put on the chapters 
on Bibliographic Systems and Digital Libraries. The course should be 
complemented with a thorough discussion of the user-centered view of the 
IR problem (for example, using the book by Allen [13]). 

• Multimedia Retrieval (Computer Science, undergraduate or graduate): 
this course should include Chapters 1 to 3, 6, and 11 to 15. The emphasis 
could be on multimedia itself or on the integration of classical IR with 
multimedia. The course can be complemented with one of the many books 
on this topic, which are usually more broad and technical. 

• Topics in IR (Computer Science, graduate): many chapters of the book 
can be used for this course. It can emphasize modeling and evaluation or 
user interfaces and visualization. It can also be focused on algorithms and 
data structures (in that case, [275] and [825] are good complements). A 
multimedia focus is also possible, starting with Chapters 11 and 12 and 
using more specific books later on. 

• Topics in IR (Information Systems or Library Science, graduate) similar 
to the above but with emphasis on non-technical parts. For example, the 
course could cover modeling and evaluation, query languages, user inter­
faces, and visualization. The chapters on applications can also be consid­
ered. 

• Web Retrieval and Information Access (generic, undergraduate or 
graduate): this course should emphasize hypertext, concepts coming from 
networks and distributed systems and multimedia. The kernel should be 
the basic models of Chapter 2 followed by Chapters 3, 4, and 6. Also, 
Chapters 11 and 13 to 15 should be discussed. 

• Digital Libraries (generic, undergraduate or graduate): This course could 
start with part of Chapters 2 to 4 and 6, followed by Chapters 10, 14, and 
15. The kernel of the course could be based on the book by Lesk [501). 

More bibliography useful for many of the courses above is discussed in the last 
section of this chapter. 

1.6.2 The Book's Web Page 

As IR is a very dynamic area nowadays, a book by itself is not enough. For that 
rea.c;on (and many others), the book has a Web home page located and mirrored 
in the following places (mirrors in USA and Europe are also planned): 
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• Brazil: http:/ /r,1ww. dee. ufmg. br/irbook 

• Chile: http://sunsite.dcc.uchile.cl/irbook 

Comments, suggestions, contributions, or mistakes found are welcome through 
email to the contact authors given on the Web page. 

The Web page contains the Table of Contents, Preface, Acknowledgements) 
Introduction, Glossary, and other appendices to the book. Tt also includes exer­
cises and teaching materials that will be increasing in volume and changing with 
time. In addition, a reference collection ( containing 1239 documents on Cystic 
Fibrosis and 100 information requests with extensive relevance evaluation [721]) 
is available for experimental purposes. Furthermore, the page includes useful 
pointers to IR syllabuses in different universities, IR research groups, IR pub­
lications, and other resources related to IR and this book. Finally, any new 
important results or additions to the book as well as an errata will be made 
publicly available there. 

1. 7 Bibliographic Discussion 

Many other books have been written on information retrieval, and due to the 
current widespread interest in the subject, new books have appeared recently. 
In the following, we briefly compare our book with these previously published 
works. 

Classic references in the field of information retrieval are the books by van 
Rijsbergen [785) and Salton and McGill [698]. Our distinction between data 
and information retrieval is borrowed from the former. Our definition of the 
information retrieval process is influenced by the latter. However, almost 20 
years later, both books are now outdated and do not cover many of the new 
developments in information retrieval. 

Three more recent and also well known references in information retrieval 
are the book edited by Frakes and Baeza-Yates [275], the book by Witten, Moffat, 
and Bell [825], and the book by Lesk [501]. All these three books are comple­
mentary to this book. The first is focused on data structures and algorithms 
for information retrieval and is useful whenever quick prototyping of a known 
algorithm is desired. The second is focused on indexing and compression, and 
covers images besides text. For instance, our definition of a textual image is bor­
rowed from it. The third is focused on digital libraries and practical issues such 
as history, distribution, usability, economics, and property rights. On the issue 
of computer-centered and user-centered retrieval, a generic book on information 
systems that takes the latter view is due to Allen [13]. 

There are other complementary books for specific chapters. For example, 
there are many books on IR and hypertext. The same is true for generic or 
specific multimedia retrieval, ru:; images, audio or video. Although not an infor­
mation retrieval title, the book by Rosenfeld and Morville [682) on information 
architecture of the Web, is a good complement to our chapter on searching the 
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Web. The book by Menasce and Almeida [554] demonstrates how to use queue­
ing theory for predicting Web server performance. In addition, there are many 
books that explain how to find information on the Web and how to use search 
engines. 

The reference edited by Sparck Jones and Willet [414], which was long 
awaited, is really a collection of papers rather than an edited book. The co­
herence and breadth of coverage in our book makes it more appropriate as a 
textbook in a formal discipline. Nevertheless, this collection is a valuable re­
search tool. A collection of papers on cross-language information retrieval was 
recently edited by Grefenstette [323]. This book is a good complement to ours 
for people interested in this particular topic. Additionally, a collection focused 
on intelligent IR was edited recently by Maybury [550], and another collection 
on natural language IR edited by Strzalkowski will appear soon (748]. 

The book by Korfhage (451] covers a lot less material and its coverage 
is not as detailed as ours. For instance, it includes no detailed discussion of 
digital libraries, the Web, multimedia, or parallel processing. Similarly, the 
books by Kowalski [459] and Shapiro et al. [719] do not cover these topics in 
detail, and have a different orientation. Finally, the recent book by Grossman 
and Frieder [326] does not discuss the Web, digital libraries, or visual interfaces. 

For people interested in research results, the main journals on IR are: Jour­
nal of the American Society of Information Sciences (JASIS) published by Wiley 
and Sons, A CM Transactions on Information Systems, Information Processing 
& Management (IP&M, Elsevier), Information Systems (Elsevier), Information 
Retrieval (Kluwer), and Knowledge and Information Systems (Springer). The 
main conferences are: ACM SIGIR International Conference on Information Re­
trieval, ACM International Conference on Digital Libraries (ACM DL) , ACM 
Conference on Information Knowledge and Management (CIKM), and Text RE­
trieval Conference (TREC). Regarding events of regional influence, we would like 
to acknowledge the SPIRE (South American Symposium on String Processing 
and Information Retrieval) symposium. 



Chapter 2 
Modeling 

2.1 Introduction 

'fraditional information retrieval systems usually adopt index terms to index and 
retrieve documents. In a restricted sense, an index term is a keyword ( or group 
of related words) V{hich has some meaning of its own (i.e., which usually has the 
semantics of a noun). In its more general form, an index term is simply any 
word which appears in the text of a document in the collection. Retrieval based 
on index terms is simple but raises key questions regarding the information re­
trieval task. For instance, retrieval using index terms adopts as a fundamental 
foundation the idea that the semantics of the documents and of the user infor­
mation need can be naturally expressed through sets of index terms. Clearly, 
this is a considerable oversimplification of the problem because a lot of the se­
mantics in a document or user request is lost when we replace its text with a 
set of words. Furthermore, matching between each document and the user re­
quest is attempted in this very imprecise space of index terms. Thus, it is no 
surprise that the documents retrieved in response to a user request expressed 
as a set of keywords are frequently irrelevant. If one also considers that most 
users have no training in properly forming their queries, the problem is wors­
ened with potentially disastrous results. The frequent dissatisfaction of Web 
users with the answers they normally obtain is just one good example of this 
fact. 

Clearly, one central problem regarding information retrieval systems is the 
issue of predicting which documents are relevant and which a.re not. Such a 
decision is usually dependent on a ranking algorithm which attempts to establish 
a simple ordering of the documents retrieved. Documents appearing at the top 
of this ordering are considered to be more likely to be relevant. Thus, ranking 
algorithms are at the core of information retrieval systems. 

A ranking algorithm operates according to basic premises regarding the 
notion of document relevance. Distinct sets of premises (regarding document 
relevance) yield distinct information retrieval models. The IR model adopted 
determines the predictions of what is relevant and what is not (i.e., the notion of 
relevance implemented by the system). The purpose of this chapter is to cover 
the most important information retrieval models proposed over the years. By 
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doing so, the chapter also provides a conceptual basis for most of the remaining 
chapters in this book. 

We first propose a taxonomy for categorizing the 15 IR models we cover. 
Second, we distinguish between two types of user retrieval tasks: ad hoc and 
filterjng. Third, we present a formal characterization of IR models which is 
useful for distinguishing the various components of a particular model. Last, we 
discuss each of the IR models included in our taxonomy. 

2.2 A Taxonomy of Information Retrieval Models 

The three classic models in information retrieval are called Boolean, vector, and 
probabilistic. In the Boolean model, documents and queries are represented 
as sets of index terms. Thus, as suggested in [327], we say that the model is 
set theoretic. In the vector model, documents and queries are represented as 
vectors in a t-dimensional space. Thus, we say that the model is algebraic. 
In the probabilistic model, the framework for modeling document and query 
representations is based on probability theory. Thus, as the name indicates, we 
say that the model is probabilistic. 

Over the years, alternative modeling paradigms for each type of classic 
model (i.e., set theoretic, algebraic, and probabilistic) have been proposed. Re­
garding alternative set theoretic models, we distinguish the fuzzy and the ex­
tended Boolean models. Regarding alternative algebraic models, we distinguish 
the generalized vector, the latent semantic indexing, and the neural network 
models. Regarding alternative probabilistic models, we distinguish the inference 
network and the belief network models. Figure 2.1 illustrates a taxonomy of 
t hese information. retrieval models. 

Besides references to the text content, the model might also allow references 
to t he structure normally present in written text. In this case, we say that we 
have a structured model. We distinguish two models for structured text retrieval 
namely, the non-overlapping lists model and the proximal nodes model. 

As discussed in Chapter 1, the user task might be one of browsing (instead 
of retrieval). In Figure 2.1, we distinguish three models for browsing namely, 
fl.at, structure guided, and hypertext. 

The organization of this chapter follows the taxonomy of information re­
trieval models depicted in the figure. We first discuss the three classic models. 
Second, we discuss the alternative models for each type of classic model. Third, 
we cover structured text retrieval models. At the end, we discuss models for 
browsing. 

We emphasize that the IR model (Boolean, vector, probabilistic, etc.), the 
logical view of the documents (full text, set of index terms, etc.), and the user 
task (retrieval, browsing) are orthogonal aspects of a retrieva.l system as detailed 
in Chapter 1. Thus, despite the fact that some models are more appropriate for a 
certain user task than for another, the same IR model can be used with distinct 
document logical views to perform different user tasks. Figure 2.2 illustrates 
the retrieval models most frequently associated with each one of six distinct 
combinations of a document logical view and a user task. 
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Figure 2.1 A taxonomy of information retrieval models. 
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Figure 2.2 Retrieval models most frequently associated with distinct combinations 
of a document logical view and a user task. 

2.3 Retrieval: Ad hoc and Filtering 

In a conventional information retrieval system, the documents in the collection 
remain relatively static while new queries a.re submitted to the system. This 
operational mode has been termed ad hoc retrieval in recent years and is the 
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most common form of user task. A similar but distinct task is one in which the 
queries remain relatively static while new documents come into the system (and 
leave). For instance, this is the case with the stock market and with news wiring 
services. This operational mode has been termed filtering. 

In a filtering task [74], a user profile describing the user's preferences is 
constructed. Such a profile is then compared to the incoming documents in 
an attempt to determine thm;e which might be of interest to this particular 
user. For instance, this approach can be m;ed to select a news article among 
thousands of articles which are broadcast each day. Other potential scenar ios 
for the application of filtering include the selection of preferred judicial decisions, 
or the selection of articles from daily newspapers, etc. 

Typically, the filtering task simply indicates to the m,er the documenb; 
which might be of interest to him. The task of determining which ones are really 
relevant is fully reserved to the user. Not even a ranking of the filtered documents 
is provided. A variation of this procedure is to rank the filtered documents and 
show this ranking to the user. The motivation is that the user can examine 
a smaller number of documents if he assumes that the ones at the top of this 
ranking are more likely to be relevant. This variation of filtering is called routing 
(see Chapter 3) but it is not popular. 

Even if no ranking is presented to the user, the filtering t ask can compute 
an internal ranking to determine potentially relevant documents. For instance: 
documents with a ranking above a given threshold could be selected; the others 
would be discarded. Any IR model can be adopted to rank the documents, but 
the vector model is usually preferred due to its simplicity. At this point, we 
observe that filtering is really a type of user task (or operational mode) and not 
a model of information retrieval. Thus, the task of filtering and the IR model 
adopted are orthogonal aspects of an IR system. 

In a filtering task, the crucial step is not the ranking itself but the construc­
tion of a user profile which truly reflects the user's preferences. Many approaches 
for constructing user profiles have been proposed and here we briefly discuss a 
couple of them. 

A simplistic approach for constructing a user profile is to describe the pro­
file through a set of keywords and to require the user to provide the necessary 
keywords. The approach is simplistic because it requires the user to do too 
much. In fact, if the user is not familiar with the service which generates the 
upcoming documents, he might find it fairly difficult to provide t he keyword8 
which appropriately describe his preferences in that context. Furthermore, an 
attempt by the user to familiarize himself with the vocabulary of the upcom­
ing documents might turn into a tedious and time consuming exercise. Thus, 
despite its feasibility, requiring the user to precisely describe his profile might 
be impractical. A more elaborate alternative is to collect information from the 
user about his preferences and to use this information to build the user profile 
dynamically. This can be accomplished as follows. 

In the very beginning, the user provides a set of keyv.1ords which describe 
an initia l (and primitive) profile of his preferem:es. As new documents arrive, the 
system uses this profile to select documents which are potentially of interest and 
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shows them to the user. The user then goes through a relevance feedback cycle 
(see Chapter 5) in which he indicates not only the documents which are really 
relevant but also the documents which are non-relevant. The system uses this 
information to adjust the user profile description such that it reflects the new 
preferences just declared. Of course, with this procedure the profile is continually 
changing. Hopefully, however, it stabilizes after a while and no longer changes 
drastically (unless, of course, the user's interests shift suddenly). Chapter 5 
illustrates mechanisms which can be used to dynamically update a keyword­
based profile. 

From the above, it should be clear that the filtering task can be viewed as 
a conventional information retrieval task in which the documents are the ones 
which keep arriving at the system. Ranking can be computed as before. The 
difficulty with filtering resides in describing appropriately the user's preferences 
in a user profile. The most common approaches for deriving a user profile are 
based on collecting relevant information from the user, deriving preferences from 
this information, and modifying the user profile accordingly. Since the number 
of potential applications of filtering keeps increasing, we should see in the future 
a renewed interest in the study and usage of the technique. 

2.4 A Formal Characterization of IR Models 

\Ve have argued that the fundamental premises which form the basis for a ranking 
algorithm determine the IR model. Throughout this chapter, we will discuss 
different sets of such premises. However, before doing so, we should state clearly 
what exactly an IR model is. Our characterization is as follows. 

Definition An information retrieval model is a quadruple {D,Q, :F, R(qi, dj)} 
where 

(1) D is a set composed of logical views {or representations) .for the documents 
in the collection. 

(2) Q is a set composed of logical views (or representations) for the user in­
formation needs. Such representations are called queries. 

(3) :F is a framework for modeling document representations, queries, and their 
relationships. 

(4) R(qi, dj) is a ranking function which assoc'iates a real number with a query 
q,i E Q and a document representation dj E D. Such ranking defines an 
ordering among the documents with regard to the query qi. 

To build a model, we think first of representations for the documents and 
for the user information need. Given these representations, we then conceive the 
framework in which they can be modeled. This framework should also provide 
the intuition for constructing a ranking function. For instance, for the classic 
Boolean model, the framework is composed of sets of documents and the standard 
operations on sets. For the classic vector model, the framework is composed of a 



24 MODELING 

t-dimensional vectorial space and standard linear algebra. operations on vectors. 
For the classic probabilistic model, the framework is composed of sets, standard 
probahilily operations, and the Bayes' theorem. 

In the remainder of this chapter, we discuss the various IR models shown 
in Figure 2.1. Throughout the discussion, we do not explicitly instantiate the 
components D, Q, :F, and R(qi, dj) of each model. Such components should be 
quite clear from the discussion and can be easily inferred. 

2.5 Classic Information Retrieval 

In this section we briefly present the three classic models in information retrieval 
namely, the Boolean, the vector, and the probabilistic models. 

2.5.1 Basic Concepts 

The classic models in information retrieval consider that each document is de­
scribed by a set of representative keywords called index terms. An index term 
is simply a (document) word whose semantics helps in remembering the docu­
ment's main themes. Thus, index terms are used to index and summarize the 
document contents. In general, index terms are mainly nouns because nouns 
have meaning by themselves and thus, their semantics is easier to identify a.nd 
to grasp. Adjectives, adverbs, and connectives are less useful as index terms 
hccansc they v.rork mainly as complements. However, it might be interesting 
to consider all the distinct words in a document collection as index terms. For 
instance, this approach is adopted by some ,veb search engines as discussed in 
Chapter 13 (in which case, the document logical view is fu,ll te.rt) . vVe postpone 
a discussion on the problem of how to generate index terms until Chapter 7, 
where the issue is covered in detail. 

Given a set of index term8 for a document, we notice that not all term;:; 
are equally useful for describing the document contents. In fact, there are index 
terms which are simply vaguer than others. Deciding on the importance of a 
term for summarizing the contents of a document is not a trivial issue. Despite 
this difficulty, there are properties of an index term which are easily measured 
ancl which are useful for evaluating the potential of a term as such. For instance, 
consider a collection with a hundred thousand documents. A word which appears 
in each of the one hundred thousand documents is completely useless as an index 
term because it does not tell us anything about which documents the user might 
be interested in. On the other hand, a v.rord which appears in just five documents 
is quite useful because it narrows down considerably t he space of documents 
which might be of interest to the user. Thus, it should be clear that distinct 
index terms have varying relevance when used to describe document contents. 
This effect is captured through the assignment of numerical weights to each index 
term of a document. 
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Let ki be an index term, d1 be a document, and wi,j 2:: 0 be a weight 
associated with the pair ( ki, dj). This weight quantifies the importance of the 
index term for describing the document semantic contents. 

Definition Lett be the number of ·i,ndex terms in the system and ki be a generic 
index term. K = { k1, ... , kt} is the set of all index terms. A weight wi,j > O 
is associated with each ·index term ki of a document d1. For an index term 
which does not appear in the document text, wi,j = 0. With the document di 
is associated an index term vector dj represented by dj = ( w1 ,j, w2,j, ... , Wt,j). 

Further, let 9i be a function that returns the weight associated with the index 
term ki in any t-d·imensional vector (i.e., 9i ( dj) = Wi,j). 

As we later discuss, the index term weights arc usually assumed to be mutu­
ally independent. This means that knowing the weight Wi,j associated with the 
pair (k.i, dj) tells us nothing about the weight wi+l,j associated with the pair 
(ki+l, dj), This is clearly a simplification because occurrences of index terms in 
a document are not uncorrelated. Consider, for instance, that the terms com­
puter and network r.1.re used to index a given document which covers the area of 
computer networks. Frequently, in this document, the appearance of one of these 
two words attracts the appearance of the other. Thus, these two words are corre­
lated and their weights could reflect this correlation. While mutual independence 
seems to be a strong simplification, it does simplify the task of computing index 
term weights and allows for fast ranking computation. Furthermore, taking ad­
vantage of index term correlations for improving the final document ranking is 
not a simple task. In fact, none of the many approaches proposed in the past 
has clearly demonstrated that index term correlations are advantageous (for 
ranking purposes) with general collections. Therefore, unless clearly stated oth­
erwise, we assume mutual independence among index terms. In Chapter 5 we 
discuss modern retrieval techniques which are based on term correlations and 
which have been tested successfully with particular collections. These successes 
seem to be slowly shifting the current understanding towards a more favorable 
view of the usefulness of term correlations for information retrieval systems. 

The above definitions provide support for discussing the three classic infor­
mation retrieval models, namely, the BooleaJ1, the vector, and the probabilistic 
models, as we now do. 

2.5.2 Boolean Model 

The Boolean model is a simple retrieval model based on set theory and Boolean 
algebra. Since the concept of a set is quite intuitive, the Boolean model pro­
vides a framework which is easy to grasp by a common user of an IR system. 
Furthermore, the queries are specified as Boolean expressions which have precise 
semantics. Given its inherent simplicity and neat formalism, the Boolean model 
received great attention in past years and was adopted by many of the early 
commercial bibliographic systems. 
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k r 

Figure 2.3 The three conjunctive components for the query [q = ka A (kb V ,kc)]. 

Unfortunately, the Boolean model suffers from major drawbacks. First, 
its retrieval strategy is based on a binary decision criterion (i.e., a document is 
predicted to be either relevant or non-relevant) without any notion of a grading 
scale, which prevents good retrieval performance. Thus, the Boolean model is 
in reality much more a data (instead of information) retrieval model. Second, 
while Boolean expressions have precise semantics, frequently it is not simple to 
translate an information need into a Boolean expression. In fact, most users find 
it difficult and awkward to express their query requests in terms of Boolean ex­
pressions. The Boolean expressions actually formulated by users often are quite 
simple (see Chapter 10 for a more thorough discussion on this issue). Despite 
these drawbacks, the Boolean model is still the dominant model with commercial 
document database systems and provides a good starting point for those new to 
the field. 

The Boolean model considers that index terms are present or absent in a 
document. As a result, the index term weights are assumed to be all binary, i.e., 
wi,j E {O, 1}. A query q is composed of index terms linked by three connectives: 
not, and, or.Thus, a query is essentially a conventional Boolean expression which 
can be represented as a disjunction of conjunctive vedors (i.e., in disjunctive nor­
mal form- DNF). For instance, the query [q = ka I\ (kb V -.kc)] can be written 
in disjunctive normal form as [ihn.f = (1, 1, 1) V (1, 1, 0) V (1, 0, O)], where each of 
the components is a binary weighted vector associated with the tuple (ka, kb, kc)­
These binary weighted vectors are called the conjunctive components of CUnJ· 
Figure 2.3 illustrates the three conjunctive components for the query q. 

Definition For the Boolean model, the index term weight variables are all 
binary i.e., Wi,.i E {O, 1}. A query q is a conventional Boolean express'ion. Let 
ifctnJ be the disjunctive normal form for the query q. Further) let <lee be any of the 
conjunctive components of ihnf. The similarity of a document dj to the query q 
is defined as 

sim(dj, q) = { ~ if :3(]cc I ( '1cc E CUn f) /\ (',h:i , 9i, ( d~-) = 9i ( ifr.r.)) 
utherw'i8e 
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If sim( dj , q) = 1 then the Boolean model predicts that the document dj is relevant 
to the q·uery q (it might not be). Otherwise, the prediction is that the document 
is not relevant. 

The Boolean model predicts that each document is either relevant or non­
relevant. There is no notion of a partial match to the query conditions. For 
instance, let dj be a document for which d~ = (0, 1, 0). Document dj includes 
the index term kl:J but is considered non-relevant to the query [q = kal\(kl:J v-,kc)]. 

The main advantages of the Boolean model are the clean formalism behind 
the model and its simplicity. The main disadvantages are that exact matching 
may lead to retrieval of too few or too many documents (see Chapter 10). Today, 
it is well known that index term weighting can lead to a substantial improvement 
in retrieval performance. Index term weighting brings us to the vector model. 

2.5.3 Vector Model 

The vector model [697, 695] recognizes that the use of binary weights is too 
limiting and proposes a framework in which partial matching is possible. This 
is accomplished by assigning non-binary weights to index terms in queries and 
in documents. These term weights are ultimately used to compute the degree 
of similarity between each document stored in the system and the user query. 
By sorting the retrieved documents in decreasing order of this degree of similar­
ity, the vector model takes into consideration documents which match the query 
terms only partially. The main resultant effect is that the ranked document an­
swer set is a lot more precise (in the sense that it better matches the user infor­
mation need) than the document answer set retrieved by the Boolean model. 

Definition For the vector model, the weight Wi,j associated with a pair (ki: dj) 
is positive and non-b'inary. Further, the index terms in the qv.ery are also 
weighted. Let Wi,q be the weight associated with the pair [ki, q], where Wi,q ~ 0. 
Then, the query vector ii is defined as ii = ( w1 ,q, w2,q, ... , Wt,q) where t is the 
total number of index terms in the system. As before) the vector for a document 
dj is represented by d~ = ( w1,j, w2,j, ... , Wt,j). 

Therefore, a document dj and a user query q are represented as t-dimensional 
vectors as shown in Figure 2.4. The vector model proposes to evaluate the degree 
of similarity of the document dj with regard to the query q as the correlation 
between the vectors dj and if. This correlation can be quantified, for instance, 
by the cosine of the angle between these two vectors. That is, 

d1 • if 

Id~ I x 1<11 

~:=1 Wi,j X Wi,q 
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Q 

Figure 2.4 The cosine of 0 is adopted as sim(dj , q). 

where I~ I and I CJ1 are the norms of the document and query vecLors. The factoT 
JCJ1 does not affect the ranking (i.e., the ordering of the documents) because it 
is the same for all documents. The factor Id~ I provides a normalization in the 
space of the documents. 

Since Wi,j ~ 0 and wi,q ~ 0, sim(q, dj ) varies from Oto +1. Thus, instead of 
attempting to predict whether a document is relevant or not, the vector model 
ranks the documents according to their degree of similarity to the query. A 
document might be retrieved even if iL matches the query only partially. For 
instance, one can establish a threshold on sim( dj , q) and retrieve the documents 
with a degree of similarity above Lhat threshold. But to compute ran kings we 
need first to specify how index term weights arc obtained. 

Index term weights can be calculated in many different ways. The work by 
Salton and McGill [698] reviews various term-weighting techniques. Here, we do 
not discuss Lhem in detail. Instead, we concentrate on elucidating the main idea 
behind the most effective term-weighting techniques. This idea is related to the 
basic principles which support clL1stering techniques, as follows. 

Given a collection C of objects and a vague description of a set A, the goal of 
a simple clustering algorithm might be t.o sepru.-ate the collectio11 C of objects into 
two sets: a first one which is composed of objects related to the set A and a second 
one which is composed of objects not related to the set A. Vague de::;cript.ion here 
means that we do not have complete information for deciding precisely which 
objects are and which are not in the set A. For instance: one might be looking 
for a set A of cars which have a price comparable to that of a Lexus 400. Since it 
is not clear what the term comparablt; means exactly, there is not a precise (and 
unique) description of the set A. More sophisticated clustering algorithms might 
attempt to separate the objects of a collection into val'ious clm;ters ( or classes) 
according to their properties. For instance, patients of a doctor specializing 
in cancer could be classified into five classes: terminal, advanced, metastasis, 
diagnosed, and healthy. Again, the possible class descript ions might be imprecise 
(and not unique) and the problem is one of deciding to which of Lhese classes 
a new patient should be assigned. In what follows, however, we only discuss 
the simpler version of the clustering problem (i.e., the oue which considers only 
two classes) because all that is required is a decision on which documents arc 
predicted to be relevant and which ones are predicted to be not relevant ( with 
regard to a given user query). 
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To view the IR problem as one of clustering, we refer to the early work of 
Salton. Vie think of the documents a..c; a collection C of objects and think of the 
user query as a (vague) specification of a set A of objects. In this scenario, the 
IR problem can be reduced to the problem of determining which documents are 
in the set A and which ones are not (i.e., the IR problem can be viewed as a 
clustering problem). In a clustering problem, two main issues have to be resolved. 
First, one needs to determine what are the features which better describe the 
objects in the set A. Second, one needs to determine what are the features 
which better distinguish the objects in the set A from the remaining objects in 
the collection C. The first set of features provides for quantification of 'intrn­
cluster similarity, ,vhile the second set of features provides for quantification 
of inter-cfoster dissimilarity. Tbe most successful clustering algorithms try to 
balance these two effects. 

In the vector model, intra-clustering similarity is quantified by measuring 
the raw frequency of a term ki inside a document dj. Such term frequency is 
usually referred to as the tf factor and provides one measure of how well tha.t 
term describes the document contents (i.e., intra-document characterization). 
Furthermon:i, inter-cluster dissimilarity is quantified by measuring the inverse 
of the frequency of a term ki among the documents in the collection. This 
factor is usually referred to as the inverse document frequency or the idf factor. 
The motivation for usage of an idf factor is that terms which appear in many 
documents are not very useful for distinguishing a relevant document from a 
non-relevant one. As with good clustering algorithms, the most effective term­
weighting schemes for IR try to balance these two effects. 

Definition Let N be the total number of documenls in the system and ni be 
the number of documents in which the index term k;. appears. Let freqi ,j be the 
raw frequency of term ki in the document dj {i.e., the number of times the term 
ki is mentioned in the text of the document dj) . Then, the normalized frequency 
Aj of term ki in document dj is given by 

(2.1) 

where the maximum is compv.ted over all terms which are mentioned in the text 
of the document dj . If the term ki does not appear in the document dj then 
A.i = 0. Further, let idfi, inverse document frequency for ki , be given by 

N 
idfi = log-

n i 

The best known term-weighting schemes use weights which are given by 

N 
11J • • = f · · x log -1.,J 1,,J ni 

(2.2) 

(2.3) 
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or by a variation of this formula. Such term-weighting strategies ar-e called tf-'idf 
schemes. 

Several variations of the above expression for the weight Wi,j are described in an 
interesting paper by Salton and Buckley which a.ppeared in 1988 [696]. However, 
in general) the above expression should provide a good weighting scheme for 
many collections. 

For the query term weights, Salton and Buckley suggest 

(2.4) 

where freqi,q is the raw frequency of the term ki in the text of the information 
request q. 

The main advantages of the vector model are: (1) its term-weighting scheme 
improves retrieval performance; (2) its partial matching strategy allows retrieval 
of documents that approximate the query conditions; and (3) its cosine rank­
ing formula sorts the documents according to their degree of similarity to the 
query. Theoretically, the vector model has the disadvantage that index terms arc 
assumed to be mutually independent (equation 2.3 does not account for index 
term dependencies). However, in practice, consideration of term dependencies 
might be a disadvantage. Due to the locality of many term dependencies, their 
indiscriminate application to all the documents in the collection might in fact 
hurt the overall performance. 

Despite its simplicity, the vector model is a resilient ranking strategy with 
general collections .. It yields ranked answer sets which are difficult to improve 
upon without query expansion or relevance feedback (see Chapter 5) within the 
framework of the vector model. A large variety of alternative ranking methods 
have been compared to the vector model but the consensus seems to be that, 
in general, the vector model is either superior or almost as good as the known 
alternatives. Furthermore, it is simple and fast. For these reasons, the vector 
model is a popular retrieval model nowadays. 

2.5.4 Probabilistic Model 

In this section, we describe the classic probabilistic model introduced in 1976 
by Roberston and Sparck Jones [677] which later became known as the binary 
independence retrieval (BIR) model. Our discussion is intentionally brief and 
focuses mainly on highlighting the key features of the model. \iVith this purpose 
in mind, we do not detain ourselves in subtleties regarding the binary indepen­
dence assumption for the model. The section on bibliog,Taphic discussion points 
to references which cover these details. 

The probabilistic model attempts to capture the IR problem ,vithin a prob­
abilistic framework. The fundamental idea is as follows. Given a user query, 
there ii:i a set of documents which contains exactly the relevant documents and 
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no other. Let us refer to this set of documents as the ideal answer set. Given the 
description of this ideal answer set, we would have no problems in retrieving its 
documents. Thus, we can think of the querying process as a process of specify­
ing the properties of an ideal answer set ( which is analogous to interpreting the 
IR problem as a problem of clustering). The problem is that we do not know 
exactly what these properties are. All we know is that there are index terms 
whose semantics should be used to characterize these properties. Since these 
properties are not known at query time> an effort has to be made at initially 
guessing what they could be. This initial guess allows us to generate a prelim­
inary probabilistic description of the ideal answer set which is used to retrieve 
a first set of documents. An interaction with the user is then initiated with the 
purpose of improving the probabilistic description of the ideal answer set. Such 
interaction could proceed as follows. 

The user takes a look at the retrieved documents and decides which ones 
are relevant and which ones are not (in truth, only the first top documents need 
to be examined). The system then uses this information to refine the description 
of the ideal answer set. By repeating this process many times, it is expected 
that such a description will evolve and become closer to the real description of 
the ideal answer set. Thus, one should always have in mind the need to guess at 
the beginning the description of the ideal answer set. Furthermore, a conscious 
effort is made to model this description in probabilistic terms. 

The probabilistic model is based on the following fundamental assumption. 

Assumption (Probabilistic Principle) Given a user query q and a document d_1 
in the collection, the probabilistic model tries to estimate the probability t hat 
the user will find the document d1 interesting (i.e., relevant). The model as­
sumes that this probability of relevance depends on the query and the document 
representations only. Further, the model assumes that there is a subset of all 
documents which the user prefers as the answer set for the query q. Such an 
ideal answer set is labeled R and should maximize the overall probability of rel­
evance to the user. Documents in the set R are predicted to be relevant to the 
query. Documents not in this set are predicted to be non-relevant. 

This assumption is quite troublesome because it does not state explicitly 
how to compute the probabilities of relevance. In fact, not even the sample space 
which is to be used for defining such probabilities is given. 

Given a query q, the probabilistic model assigns to each document d1, as 
a measure of its similarity to the query, the ratio P(di relevant-to q) / P(di non­
relevant-to q) which computes the odds of the document d1 being relevant to the 
query q. Taking the odds of relevance as the rank minimizes the probability of 
an erroneous judgement [282> 785]. 

Definition For the probabilistic model, the index term weight variables are 
all binary i.e.) W i ,j E {O, 1}1 Wi, q E {O> l}. A query q is a subset of index terms. 
Let R be the set of documents ~nown ( or initially guessed) to be relevant. Let R 
be the complement of R (i.e. ; the set of non-releva:n.t doc11.ments). Let P(Rld~ ) 
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be the probability that the document dj is relevant to the query q and P(Rld~-) 
be the probability that di is non-relevant to q. The similarity sim(dj, q) of the 
document dj to the query q is defined as the ratio 

Using Bayes' rule, 

. (d ) _ P(d;IR) x P(R) 
sim J,q - P(d;IR) X P(R) 

P(c41R) stands for the probability of randomly selecting the document dj from 
the set R of relevant documents. Further, P(R) stands for the probability that a 
document randomly selected from the entire collection is relevant. The meanings 
attached to P('4IR) and P(R) are analogous and complementary. 

Since P(R) and P(R) are the same for aU the documents in the collection, 
we write, 

sim(d1, q) ~ P(d~IR) 

P(d~IR) 

Assuming independence of index terms, 

P(kilR) stands for the probability that the index term ki is present in a document 
randomly selected from the set R. P(ki IR) stands for the probability that the 
index term ki is not present in a document randomly selected from the set R. 
The probabilit ies associated with the set R have meanings which are analogous 
to the ones just described. 

Taking logarithms, recalling that P(kilR) + P(ki lR) = 1, and ignoring 
factors which are constant for all documents in the context of the same query, 
we can finally write 

which is a key expression for ranking computation in the probabilistic model. 
Since we do not know the set R at the beginning, it is necessary to devise 

a method for initially computing the probabilities P(kilR) and P(kilR). There 
are many alternatives for such computabon. vVe discuss a couple of them below. 
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In the very beginning (i.e., immediately after the query specification), there 
are no retrieved documents. Thus, one has to make simplifying assumptions such 
as: ( a) assume that P( ki JR) is constant for all index terms ki ( typically, equal to 
0.5) and (b) assume that the distribution of index terms among the non-relevant 
documents can be approximated by the distribution of index terms among all 
the documents in the collection. These two assumptions yield 

P(ki lR) 

P(kijR) 

- 0.5 

N 

where, as already defined, ni is the number of documents which contain the 
index term ki and N is the total number of documents in the collection. Given 
this initial guess, we can then retrieve documents which contain query terms and 
provide an initial probabilistic ranking for them. After that, this initial ranking 
is improved as follows. 

Let V be a subset of the documents initially retrieved and ranked by the 
probabilistic model. Such a subset can be defined, for instance, as the top r 
ranked documents where r is a previously defined threshold. Further, let ¼ be 
the subset of V composed of the documents in V which contain the index term 
ki. For simplicity, we also use V and ¼ to refer to the number of clements in 
these sets (it should always be clear when the used variable refers to the set or to 
the number of elements in it). For improving the probabilistic ranking, we need 
to improve our guesses for P(kijR) and P(kijR). This can be accomplished with 
the following assumptions: (a) we can approximate P(kijR) by the distribution 
of the index term ki among the documents retrieved so far, and (b) we can 
approximate P(kijR) by considering that all the non-retrieved documents are 
not relevant. vVith these assumptions, we can write, 

P(kijR) ¼ - -
V 

P(kijR) 
ni-¼ - N-V 

This process can then be repeated recursively. By doing so, we are able to 
improve on our guesses for the probabilities P(kijR) and P(kilR) without any 
assistance from a human subject (contrary to the original idea). However, we 
can also use assistance from the user for definition of the subset V as originally 
conceived. 

The last formulas for P(kilR) and P(kijR) pose problems for small values 
of V and ½ which arise in practice (such as V = l and ¼ = 0). To circumvent 
these problems, an adjustment factor is often added in which yields 

P(kilR) 

P(kdR) -

½+0.5 
V +l 

ni - ¼ + 0.5 
N - V+l 
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An adjustment factor which is constant and equal to 0.5 is not always satisfactory. 
An alternative is to take the fraction ni/ N as the adjustment factor which yields 

t ,: + !!i 
Vi N 

V+l 
n· - V:· + & i 1. N 

N-V+l 

This completes our discussion of the probabilistic model. 
The main advantage of the probabilistic model, in theory, is that docu­

ments are ranked in decreasing order of their probability of being relevant. The 
disadvantages include: (1) the need to guess the initial separation of documents 
into relevant and non-relevant sets; (2) the fact that the method does not take 
into account the frequency with which an index term occurs inside a document 
(i.e., all weights are binary); and (3) the adoption of the independence assump­
tion for index terms. However, as discussed for the vector model, it is not clear 
that independence of index terms is a bad assumption in practical situations. 

2.5.5 Brief Comparison of Classic Models 

In general1 the Boolean model is considered to be the weakest classic method. Its 
ma.in problem is the inabiHty to recognfae partial matches which frequently leads 
to poor perfoTmance. There is some controversy a.s to whether the probabilistic 
model outpeTforms the vector model. Croft performed some ©.-periments and 
suggested that the probabilistic model provides a better retrieval performance. 
However, experiments done afterwards by Salton and Buckley refute that claim. 
Through several different measures, Salton and Buckley showed that the vector 
model is expected to outperform the probabilistic model with general collections. 
This also seems to be the dominant thought among researchers, practitioners, 
and the Web community, where the popularity of the vector model runs high. 

2.6 Alternative Set Theoretic Models 

In this section, we discuss two alternative set theoretic models, namely the fuzzy 
set model and the extended Boolean model. 

2.6.1 Fuzzy Set Model 

Representing documents and queries through sets of keywords yields descriptions 
which are only partially related to the real semantic contents of the respective 
documents and queries. As a result, the matching of a document to the query 
terms is approximate ( or vague). This can be modeled by considering that each 



ALTERNATIVE SET THEORETIC MODELS 35 

query term defines a .fuzzy set and that each docwuent has a degree of membership 
(usually smaller than 1) in this set. This interpretation of the retrieval process 
(in terms of concepts from fuzzy theory) is the basic foundation of the vadous 
fuzzy set models for information retrieval which have been proposed over the 
years. Instead of reviewing several of these models here, we focus on a particular 
one whose description fits well with the models already covered in this chapter. 
Thus, our discussion is based on the fuzzy set model for information retrieval 
proposed by Ogawa, Morita, and Kobayashi [616]. Before proceeding, we briefly 
introduce some fundamental concepts. 

Fuzzy Set Theory 

Fuzzy set theory [846] deals with the representation of classes whose boundaries 
are not well defined. The key idea is to associate a membership function with 
the elements of the class. This function takes values in the interval [O: 1] with 0 
corresponding to no membership in the class and 1 corresponding to full mem­
bership. Membership values between O and 1 indicate marginal elements of the 
class. Thus, membership in a fuzzy set is a notion intrinsically gradual instead 
of abrupt ( as in conventional Boolean logic). 

Definition A fuzzy subset A of a universe of discourse U is characterized by 
a membe,ship function µA : U -. [O, 1] which associates with each element 'U of 
U a number µA ( u) in the interval {O, 1 J. 

The three most commonly used operations on fuzzy sets are: the complement of 
a fuzzy set) the union of two or more fuzzy sets, and the intersection of two or 
more fuzzy sets. They are defined as follows. 

Definition Let U be the universe of discourse, A and B be two fuzzy subsets 
of U, and A be the complement of A relative to U. Also, let u be an element of 
U. Then} 

µA(u) 

µAus(u ) 

µAns('u) 

1 - µA('u) 

max(µA(u), µs(u)) 

min(µA(u), µB(u)) 

Fuzzy sets are useful for representing vagueness and imprecision and have been 
applied to various domains. In what follows, we discuss their application to 
information retrieval. 

Fuzzy Information Retrieval 

As discussed in Chapters 5 and 7) one additional approach to modeling the 
information retrieval process is to adopt a thesaurus (which defines t erm re-
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laLionships). The basic idea is to expand the set of index tel'ms in the query 
with related terms (obtained from the thesaurus) such that additiona.1 relevant 
documents (i.e. , besides the ones which would be normally retrieved) can be re­
trieved by the user query. A thesatu·us can also be used to model the information 
retrieval problem in terms of fuzzy sets as follows. 

A thesaurus can be constructed by defining a term-term correlation ma­
trix c ( called keyword connection matrix in [616]) whose rows and columns are 
associated to the index terms in the document collection. In this matrix c, a 
normalized correlation factor ci,l between two terms ki and k1 can be defined by 

ni,l 
Cil = --------'---

' 'ni + n1 - 'ni,l 

where ni is the number of documents which contain the term ki, n1 is the number 
of documents which contain the term k1 , and ni,I is the number of documents 
which contain both terms. Such a correlation metric is quite common and has 
been used extensively with cllliltering algorithms as detailed in Chapt.er 5. 

\Ve can use the term correlation matrix c to define a fuzzy set associated to 
each index term ki- In this fuzzy set, a document di has a degree of membership 
µ i,j computed as 

µ .i,j = i - II 
k1 E dj 

which computes an algebraic sum (here implemented as the com.plement of a 
negated algebraic product) over all terms in the document dj. A document d5 
belongs to the fuzzy set associated to the term ki if its own terms a.re related to 
k,. Whenevei: there is at least one index term k1 of dj which is strongly related to 
the index ~ (i.e. 1 CJ,l ~ 1), then 1-'-i,j ~ l and the index k1 is a good fuzzy inde.,x 
for the document d;. In the case ,vhe11 all inde.."X terms of d; are only loosely 
related to ki, the index ki is not a good fuzzy index for di (i.e. µ ;,i ~ 0). The 
adoption of an algebraic sum over all terms in the document d1 (histead of the 
classic max function) allows a smooth transition for the values of the tki.i factor. 

The user states his information need by providing a Boolea_n-Hke query 
e.'\.-pression. As also happens with the classic Boolean model (see the beginning 
of this chapter)i this query is c:onverted to its disjunctive normal form. For 
instance> the query [q = ka I\ (kb V ,kc)] can be written in disjunctive normal 
form as [~n/ = (1, 1: 1) V (1, 1, 0) V (1, 0, 0)) where each of the components 
is a binary weighted vector associated t o the tuple (ka., kb , kc)- These binary 
weighted vectors are the conjunctive components of fidnf . Let CCi be a reference 
to the i-th conjunctive component. Then, 

where p is the number of conjunctive components of ifn.nJ. The procedure to 
compute the documents relevant to a query is analogous to the procedure adopted 
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D,, 

Figure 2.5 Fuzzy document sets for the query [IJ = ka I\ (kb V --ikc)]. Ea.ch CCi, i 
E {1, 2, 3}, is a conjunctive component. Dq is the query fu:tz,y set. 

by the classic Boolean model. The difference is that here we deal with fuzzy 
(instead of crispy or Boolean) sets. We proceed with an example. 

Consider again the query [q = ka A (kb V •kc)]. Let Da be the fuzzy 
set of documents associated to the index ka. This set is composed, for instance, 
by the documents dj which have a degree of membership µa,J greater than a 
predefined threshold I<. Further, let Da be the complement of the set Da. The 
fu:;r,:;r,y set Da is associated to ka, the negation of the index term ka. Analogously, 
we can define fuzzy sets Db and De associated to the index terms kb and kc, 
respectively. Figure 2.5 illustrates this example. Since the sets are all fuzzy, a 
document dj might belong to the set Da, for instance, even if the text of the 
document dj does not mention the index ka . 

The query fuzzy set Dq is a union of the fuzzy sets associated with the three 
conjunctive components of f/dnf (which are referred to as cc1 , cc2 , and cc3). The 
membership /tq, j of a document d_,; in the fuzzy answer set Dq is computed as 
follows. 

µcci +cc2 +cc3 ,j 
3 

1 - II (1 - µcc;. , j) 

i=l 

where µi,j , i E {a,b,c}, is the membership of dj in the fuzzy set associated with 
ki. 

As already observed, the degree of membership in a disjunctive fuzzy 8et is 
computed here using an algebraic sum, instead of the more common max func­
tion. Further, the degree of membership in a conjunctive fuzzy set is computed 
here using an algebraic product, instead of the more common min function. This 
adoption of algebraic sums and products yields degrees of membership which 
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vary more smoothly than those computed using the min and max functions and 
thus ::;eem more appropriate to an information retrieval system. 

This example illustrates how this fuzzy model ranks documents relative 
to the user query. The model uses a term-term correlation matrix to compute 
correlation::; between a document. rlj and its fuzzy index terms. Further, the 
model adopts algebraic sums and products (instead of max and min) to compute 
the overall degree of membership of a document dj in the fuzzy set defined by the 
user query. Ogawa, Morita, and Kobayashi [616] also discuss how to incorporate 
user relevance feedback into the model but such discussion is beyond the scope 
of this chapter. 

Fuzzy set model::; for information retrieval have been discussed mainly in the 
literature dedicated to fuzzy theory and are not popular among the information 
retrieval community. Further, the vast majority of the experiments with fuzzy 
set models has considered only small collections which make comparisons difficult 
to make at this time. 

2.6.2 Extended Boolean Model 

Boolean retrieval is simple and elegant. However, since there i::; no provision for 
term weighting, no ranking of the answer set is generated. As a result, the size 
of the output might be too large or too small (see Chapter 10 for details on this 
issue). Because of these problems, modern information retrieval systems arc no 
longer based on the Boolean model. In fact; most of Lhe new systems adopt a.t 
their core some form of vedor retrieval The reasons are that the vector space 
model is ::;imple, fast: and yield::; better retrieval performance. One alternative 
approach though is to extend the Boolean model with the functionality of partial 
matching and term weighting. This strategy allows one to combine Boolean 
query formulations with characteristics of the vector model. In what follows, we 
discuss one of the various models which are based on the idea of extending the 
Boolean model with features of the vector model. 

The extended Boolean mode( introduced in 1983 by Salton, Fox, and V-lu 
[703], is based on a critique of a basic assumption in Boolean logic as follows. 
Consider a conjunctive Boolean query given by q = kx I\ ky, According to the 
Boolean model, a document which contains either the term kx or the term ky 

is as irrelevant as another document which contains neither of them. However, 
this binary decision criteria frequently is not in accordance with common sense. 
An analogous reasoning applies when one considers purely disjunctive queries. 

When only two terms are considered, we can plot queries and documents 
in a two-dimensional map as shown in Figure 2.6. A document dj is positioned 
in this space through the adoption of weights Wx,.1 and wy,.i associated with 
the pairs [kx, dj) and [k11 , d7], respectively. \Ve assume that these weights are 
normalized and thus lie between O and 1. For instance, these v.:eights can be 
computed as normalized tf-idf factors as follows. 
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Figure 2.6 Extended Boolean logic considering the space composed of two terms kx 
and ky only. 

where, as defined by equation 2.3, fx,j is the normalized frequency of term kx in 
document di and idfi is the inverse document frequency for a generic term ki. 
For simplicity, in the remainder of this section, we refer to the weight Wx,j as 

x , to the weight Wy,j as y, and to the document vector dj = (wx,j, Wy,i) as the 
point dj = (x, y). Observing Figure 2.6 we notice two particularities. First, for 
a disjunctive query q0 r = kx V ky, the point (0, 0) is the spot to be avoided. This 
suggests taking the distance from (0, 0) as a measure of similarity with regard 
to the query q 0 r, Second, for a conjunctive query qand = kx I\ ky, the point (1, 1) 
is the most desirable spot. This suggests taking the complement of the distance 
from the point (1, 1) as a measure of similarity with regard to the query Qand· 

Furthermore, such distances can be normalized which yields, 

sim(qor, d) ✓x2; y2 

✓,-(1---x-)2_+_(1_y_)_2 
1 -

2 

If the weights are all Boolean (i.e., Wx,j E {O, 1}) , a document is always posi­
tioned in one of the four corners (i.e., (0,0), (0,1), (1,0), or (1,1)) and the values 
for sim(q0.,., d) arc restricted to 0, 1/./2, and 1. Analogously, the values for 
sim(qand, d) are restricted to 0, 1 - 1/ ./2, and 1. 

Given that the number of index terms in a document collection is t , the 
Boolean model discussed above can be naturally extended to consider Euclidean 
distances in a t-dimensional space. However, a more comprehensive generaliza­
tion is to adopt the theory of vector norms as follows. 

The p-norm model generalizes the not ion of dist ance to include not only 
Euclidean distances but also p-distances, where 1 < p :::; oo is a newly introduced 
parameter whose value must be specified at query time. A generalized disjunctive 
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query is now represented by 

q - k vP k vP vP k or - 1 2 • • • m 

Analogously, a generalized conjunctive query is now represented by 

The respective query-document similarities are now given by 

where each Xi stands for the weight Wi.,rl. associated to the pair [ki, dj]. 
The p norm as defined above enjoys a couple of interesting properties as 

follows. First , when p = l it can be verified that 

. ( ) • ( ) X1 + ... + Xm 
sirn Qor , dj = sim qand , dj = -----­

m 

Second, when p = oo it can be verified that 

sim(q0 r, dj) = max(xi ) 
sim(qand: d1) = min(xi ) 

Thus, for p = l, conjunctive and disjunctive queries are evaluated by a sum 
of term-document weights as done by vector-based similarity formulas (which 
compute the inner product). Further, for p = oo, queries are evaluated according 
to the formalism of fuzzy logic (which we view as a generalization of Boolean 
logic) . By varying the parameter p between 1 and infinity, we can vary the p­
norm ranking behavior from that of a vector-like ranking to that of a Boolean-like 
ranking. This is quite powerful and is a good argument in favor of the extended 
Boolean model. 

The processing of more general queries is done by grouping the operators 
in a predefined order. For instance, consider the query q = (k1 f\P k2 ) VP k3 . The 
similarity sim( q, d1) between a document d1 and this query is then computed as 

This procedure can be applied recursively no matter the number of AND/ OR 
operat or8. 
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One additional interesting aspect of this extended Boolean model is the 
possibility of using combinations of different values of the parameter p in a same 
query request. For instance, the query 

could be used to indicate that k1 and k2 should be used as in a vector system 
but that the presence of k3 is required (i .e., the conjunction is interpreted as a 
Doolean operation). Despite the fact that it is not clear whether this additional 
functionality has any practical impact, the model does allow for it and does so in 
a natural way (without the need for clumsy extensions to handle special cases). 

We should also observe that the extended Boolean model relaxes Boolean 
algebra interpreting Doolean operations in terms of algebraic distances. In this 
sense, it is really a hybrid model which includes properties of both the set the­
oretic models and the algebraic models. For simplicity1 we opted for classifying 
the model as a set theoretic one. 

The extended Boolean model was introduced in 1983 but has not been used 
extensively. However, the model does provide a neat framework and might reveal 
itself useful in the future. 

2. 7 Alternative Algebraic Models 

In this section, we discuss three alternative algebraic models namely, the gener­
alized vector space model, the latent semantic indexing model, and the neural 
network model. 

2. 7 .1 Generalized Vector Space Model 

As already discussed: the three classic models assume independence of index 
terms. For the vector model, this assumption is normally interpreted as fol­
lows. 

Definition Let ki be a vector associated w'ith the index ter·rn ki. Independence 
of index terms in the vector model implies that the set of vectors {k1, k2, ... , 
kt} is linearly independent and forms a basis for the subspace of interest. The 
d-irnension of this space is the number t of index terms in the collection. 

Frequently, independence among index terms is interpreted in a more restrictive 
sense to mean pairwise orthogonality among the index term vectors i.e., to mean 
that for each pair of index term vectors ki and k1 we have ki • kj = 0. In 1985, 
however, Wong, Ziarko, and vVong [832] proposed an interpretation in which 
the index term vectors are assumed linearly independent but are not pairwise 
orthogonal. Such interpretation leads to the generalized vector space model which 
we now discuss. 
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In the generalized vector space model, two index term vectors might be non­
orthogonal. This means that index term vectors are not seen as the orthogonal 
vectors which compose the basis of the space. Instead, they are themselves 
composed of smaller components which are derived from the particular collection 
at hand as follows. 

Definition Given the set {k11 k2 , . . . , kt} of index term.s in a collP.dion1 as 
before, let wi,j be the weight associated with the term-doC'ument pair [ki, dj ]. If the 
Wi,j weiqhts are all binary then all possible patterns of term co-occurrence {inside 
documents) can be represented by a set of2t minterms given by m 1 = (0, 0, ... , 0), 
m2 = (1,0, .. . ,0), ... , m2t = (1, 1, ... , 1) . Let 9i(mj) return the weight {0,1} of 
the index term ki in the minterm mj. 

Thus, the minterm m 1 (for which gi (m1 ) = 0, for all i) points to the documents 
containing none of the index terms. The minterm m2 (for which g1 (m2) = 1, for 
i = 1, a.nd 9i(m2) = 0, for i > 1) points to the documents containing solely the 
index term k1 . Further, the minterm m.2 i points to the documents containing 
all the index terms. The central idea in the generalized vector space model 
is to introduce a set of pairwise orthogonal vectors rni cLssociated with the set 
of minterms and to adopt this set of vectors as t he bcL8is for the subspace of 
interest,. 

Definition Let us define the following sP.t of mi vectors 

(1,0, ... , 0,0) 

(0,1, ... , 0,0) 

mzt (0, 0, ... , 0, 1) 

where each vector mi is associated with the respective minterm mi . 

Notice that mi • mj = 0 for all i i- j and thus t he set of m .i vectors is, by 
defini tion, pa-irwise orthogonal. This set of mi vectors is then taken as the 
orthonormal basis for t he generali:;.r,ed vector space model. 

Pairwise orthogonality a.rnong the mi vectors does not imply independence 
among the index terms. On the contrary, index terms are now correlated by 
the rrii vectors. For instance: the vector m4 is associated with the minterrn 
m 4 = (1, 1, ... , O) which points to the documents in the collection containing 
the index terms k1 , k2 , and no others. If such documents do exist in the collec­
tion under consideration then we say that the minterm m4 is active and that a 
d~pendence between the index terms k1 and k2 is induced. If we consider this 
point more carefully, we notice that the generalized vector model adopts as a 
basic foundation the idea that co-occurrence of index t erms inside documents 
in the collection induces dependencies among these index terms. Since this is 
an idea which was introduced many years before the generalized vector space 
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model itself, novelty is not granted. Instead, the main contribution of the model 
is the establishment of a formal framework in which dependencies among in­
dex terms (induced by co-occurrence patterns inside documents) can be nicely 
represented. 

The usage of index term dependencies to improve retrieval performance 
continues to be a controversial issue. In fact, despite the introduction in the 1980s 
of more effective algorithms for incorporating term dependencies (see Chapter 5), 
there is no consensus that incorporation of term dependencies in the model 
yields effective improvement with general collections. Thus, it is not clear that 
the framework of the generalized vector model provides a clear advantage in 
practical situations. Further, the generalized vector model is more complex and 
computationally more expensive than the classic vector model. 

To determine the index term vector ki associated with the index term ki, 
we simply sum up the vectors for all minterms mr in which the term ki is in 
state 1 and normalize. Thus, 

w·. t,J 

(2.5) 

These equations provide a general definition for the index term vector ki in 
terms of the m r vectors. The term vector ki collects all the fir vectors in which 
the index term ki is in state 1. For each m.,. vector, a correlation factor c.i,r is 
defined. Such a correlation factor sums up the weights Wi,j associated with the 
index term ki and each document dj whose term occurrence pattern coincides 
exactly with that of the minterm mr. Thus, a minterm is of interest (in which 
case it is said to be active) only if there is at least one document in the collection 
which matches its term occurrence pattern. This implies that no more than N 
minterms can be active, where N is the number of documents in the collection. 
Therefore, the ranking computation does not depend on an exponential number 
of minterms as equation 2.5 seems to suggest. 

Notice that the internal product ki • kj can now be used to quantify a 
degree of correlation between the index terms ki and kj . For instance, 

ki • kj = L Ci,r X Cj,r 

Vr I 9i (mr )=l /\ 9j (mr )=1 

which, as later discussed in Chapter 5, is a good technique for quantifying index 
term correlations. 

In the classic vector model, a document dj and a user query q are expressed 
by d~ = E w wi,j ki and q = E vi Wi,q ki, respectively. In the generalized vector 
space model, these representations can be directly translated to the space of 
rninterm vectors m r by applying equation 2.5. The resultant dj and if vectors 
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are then used for computing the ranking through a standard cosine similarity 
function. 

The ranking that results from the geneni.lized vector space model com­
bines the standard Wi,j tenn-documenL weighLs wit h the correlation factors Ci,r· 

However, since the usage of term-term correlations does not necessarily yield im­
proved retrieval performance: it is not clear in which situations the generalized 
model outperforms the classic vector model. Furthermore, the cost of comput­
ing the ranking in the generalized model can be fairly high with large collections 
because, in this case, the number of active minterms (i.e., those which have to be 
considered for computing the ki vectors) might be proportional to the number 
of documents in the collection. Despite these dra\vbacks, the generalized vector 
model does introduce new ideas which are of importance from a theoretical point 
of view. 

2. 7 .2 latent Semantic Indexing Model 

As discussed earlier: summarizing the contents of documents and queries through 
a set of index terms can lead to poor retrieval performance due to two effects. 
First, many unrelated documents might be included in the answer set. Second, 
relevant documents which are not indexed by any of the query keywords are 
not retrieved. The main reason for these two effects is the inherent vagueness 
associated with a retrieval process which is based on keyword sets. 

The ideas in a text are more related to the concepts described in it than 
to the index terms used in its description. Thus, the process of matching doc­
uments to a given query could be based on concept matching instead of index 
term matching. This would allow the retrieval of documents even when they 
are not indexed by query index terms. For instance, a document could be re­
trieved because it shares concepts with another document which is relevant to 
the given query. Latent semantic indexing is an approach introduced in 1988 
which addresses these issues (for clustering-based approaches which also address 
these issues, see Chapter 5). 

The main idea in the 1.a.tent semant'ic inde:r:-ing model [287] is to map ea.ch 
document and query vector into a lower dimensional space which is associated 
with concepts. This is accomplished by mapping the index term vectors into this 
lower dimensional space. The claim i1;; that retrieval in the reduced space may 
be superior to retrieval in the space of index terms. Before proceeding: let us 
define basic terminology. 

Definition As before, let t be the number of index terms in the collection and 
N be the total number of documents. Define M =(J.\llij) as a term-doc1Lment 
association matrix with t rows and N colum:n8. To each element ]1.,fij of this 
matrix is assigned a weight W-ij a,.c;sociated wiU1. the term-document pair [ki, dj]. 
This w.,j weight could be generated 1.LSing the IJ-idf weighting technique common 
in the classic vector space model. 
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Latent semantic indexing proposes to decompose the lvl as8ociation matrix in 
three components using singular value decomposition as follows. 

1VI = Rsf;t 

The matrix K is the matrix of eigenvectors derived from the term-to-term cor­
relation matrix given by M JiJ-t (see Chapter 5). The matrix jjt is the matrix 
of eigenvectors derived from the transpose of the document-to-document matrix 
given by .iJt M. The matrix § is an r x r diagonal matrix of singular values 
where r = min(t, N) is the rank of M. 

Consider now that only the s largest singular values of§ are kept along with 
their corresponding columns in K and jjt (i.e., the remaining singular values of 
Sare deleted). The resultant M8 matrix is the matrix of ranks which is closest 
to the original matrix M in the least square sense. This m11trix is given by 

where s, s < r, is the dimensionality of a reduced concept space. The selection 
of a value for s attempts to balance two opposing effects. First, s should be large 
enough to allow fitting all the structure in the real data. Second, s should be 
small enough to a11ow filtering out all the non-relevant representational details 
(which are present in the conventional index-term based representation) . 

The relationship between any two documents in the reduced space of di­
mensionality s can be obtained from the iJ-;Afs matrix given by 

----f -+ -+ -I t 

D8 SsSsDs 

(DsSs)(DsBsl 

In the above matrix, the ( i, j) element quantifies the relationship between doc­
uments di and dj. 

To rank documents with regard to a given user query, we simply model the 
query as a pseudo-document in the original Ivf term-document matrix. Assume 
the query is modeled as the document with number 0. Then, the first row in the 
matrix lvf;A-,fs provides the ranks of all documents with respect to this query. 

Since the matrices used in the latent semantic indexing model are of rank s, 
s << t, ands<< N, they form an efficient indexing scheme for the documents 
in the collection. Further, they provide for elimination of noise (present in index 
term-based representations) and removal of redundancy. 

The latent semantic indexing model introduces an interesting conceptual­
ization of the information retrieval problem based on the theory of singular value 
decomposition. Thus, it has its value as a new theoretical framework. ·whether it 
is superior in practical situations with general collections remains to be verified. 
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Figure 2.7 A neural network model for information retrieval. 

2.7.3 Neural Network Model 

In an information retrieval system, document vectors are compared with query 
vectors for the computation of a ranking. Thus, index terms in documents 
and queries have to be matched and weighted for computing this ranking. Since 
neural networks are known to be good pattern matchers, it is natural to consider 
their usage as an alternative model for information retrieval. 

It is now well established that our brain is composed of billions of neurons. 
Each neuron can· be viewed as a basic processing unit which, when stimulated 
by input signals, might emit output signals as a reactive action. The signals 
emitted by a neuron are fed into other neurons (through synaptic connections) 
which can themselves emit new output signals. This process might repeat itself 
through several layers of neurons and is usually referred to as a spread activation 
process. As a result, input information is processed (i.e., analyzed and inter­
preted) which might lead the brain to command physical reactions ( e.g., motor 
actions) in response. 

A neural network is an oversimplified graph representation of the mesh 
of interconnected neurons in a human brain. The nodes in this graph are the 
processing units while the edges play the role of the synaptic connections. To 
simulate the fact that the strength of a synaptic connection in the human brain 
changes over time, a weight is assigned to each edge of our neural network. At 
each instant, the state of a node is defined by its activation level (which is a 
function of its initial state and of the signals it receives as input). Depending 
on its activation level, a node A might send a signal to a neighbor node B. The 
strength of this signal at the node B depends on the weight associated with the 
edge between the nodes A and B. 

A neural network for information retrieval can be defined as illustrated 
in Figure 2.7. The model depicted here is based on the work in [815] . \1/e first 
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observe that the neural network in Figure 2. 7 is composed of three layern: one for 
the query terms, one for the document terms, and a third one for the documents 
themselves. Observe the similarity between the topology of this neural network 
and the topology of the inference and belief networks depicted in Figures 2.9 
and 2.10. Here, however, the query term nodes arc the ones which initiate the 
inference process by sending signals to the document term nodes. Following that, 
the document term uodes might themselves generate signals to the document 
nodes. This completes a first phase in which a signal travels from the query 
term nodes to the document nodes (i.e., from the left to the right in Figure 2.7). 

The neural network, however, does not stop after the first phase of sig­
nal propagation. 1n fact, the document nodes in their turn might generate new 
signals which are directed back to the document term nodes (this is the reason 
for the bidirectional edges between document term node.sand document nodes). 
Upon receiving this stimulus, lhe document term nodes might again fire new 
signals directed to the document nodes, repeating the process. The signals be­
come weaker at each iteration an<l the spread activation process eventually halts. 
This process might activate a document dz even when such a document does not 
contain any query terms. Thus, the whole process can be interpreted as the 
activation of a built-in thesaurus. 

To the query term nodes is assigned an initial (and fixed) activation level 
equal to 1 (the maximum). The query term nodes then send signals to the 
document term nodes which are attenuated by normalized query term weights 
Wi,q· For a vector-based ranking, these normalized weights can be derived from 
the weights wi,q defined for the vector model by equation 2.4. For instance, 

where the normaliz-;ation is done using the norm of the query vector. 
Once the signals reach the document term nodes, these might send new 

signals out directed towards the document nodes. These signals are attenuated 
by normalized document term weights wi,j derived from the weights Wi,j defined 
for the vector model by equation 2.3. For instance, 

where the normalization is done using the norm of the document vector. 
The signal.s which reach a document node are summed up. Thus, after 

the first round of signal propagation, the activation level of the document node 
associated to the document dj is given by 

2 
111 i,j 
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which is exactly the ranking provided by the classic vector model. 
To improve the retrieval performance, the network continues with the 

spreading activation process after the first round of propagation. This modi­
fies the initial vector ranking in a process analogous to a user relevance feedback 
cycle (see Chapter 5). To make the process more effective, a minimum activation 
threshold might be defined such that document nodes below t his threshold send 
no signals out. Details can be found i.n [815J. 

There is no conclusive evidence that a neural network provides superior 
retrieval performance with general collections. In fact, the model ha~ not been 
tested extensively with large document collections. However, a neural network 
does present an alternative modeling paradigm. Further, it naturally allows 
retrieving documeHts which are not initially related t o the query terms ~ an 
appealing functiona.lity. 

2.8 Alternative Probabilistic Models 

One alternative which has always been considered naturally appealing for quanti­
fying document relevance is the usage of probability theory and its main streams. 
One such stream which is gaining increased attention concerns the Bayesian be­
lief networks whicb we now discuss. 

Bayesian (belief) networks arc useful because they provide a clean formal­
ism for combining distinct sources of evidence (past queries, past feedback cycles, 
and distinct query formulations) in support of the rank for a given document. 
This combination of distinct evidential sources can be used to improve retrieval 
performance (i.e., to improve the 'qnality' of the ranked list of retrieved docu­
ments) as has been demonstrated in the ,vork of Turtle and Croft [771]. 

In t his chapter we discuss two models for information retrieval based on 
Bayesian networks. The first model is called inference network and provides 
the theoretical basis for the retrieval engine in the Inquery system [122]. Its 
success has attracted attention to the use of Bayesian networks with information 
retrieval systems. The second model is called belief network and generalizes the 
first model. At the end, v,re briefly compare the two models. 

Our discussion below uses a style which is quite distinct from that em­
ployed by Turtle and Croft in t.heir original writings. Particularly, we pay more 
attention to probabilistic argumentation during the development of the model. 
\Ve make a conscious effort of consistently going back to the Bayesian forma.lism 
for motivating the major design decisions. It is our view that such an explana­
tion strategy allows for a more precise argumentation which facilitates the task 
of grasping the subtleties involved. 

Before proceeding, we briefly introduce Bayesian networks. 

2.8.1 Bayesian Networks 

Bayesian networks [630] arc directed acyclic graphs (DAGs) in which the nodes 
represent random variables, the arcs portray causal relalionships between these 
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variables, and the strengths of these causal influences are expressed by condi­
tional probabilities. The parents of a node (which is then considered as a child 
node) are those judged to be direct causes for it. This causal relationship is 
represented in the DAG by a link directed from each parent node to the child 
node. The roots of the network are the nodes without parents. 

Let Xi be a node in a Bayesian network G and r xi be the set of parent 
nodes of Xi. The influence of r xi on Xi can be specified by any set of functions 
Fi(Xi, r xJ that satisfy 

where Xi also refers to the states of the random variable associated to the node xi. 

This specification is complete and consistent because the product TT vi F i(Xi, r x;) 

constitutes a joint probability distribution for the nodes in 0. 

Figure 2.8 An example of a Bayesian network. 

Figure 2.8 illustrates a Bayesian network for a joint probability distribu­
tion P(x1 ,x2 ,x3, x 4 ,x5). In this case, the dependencies declared in the network 
allow the natural expression of the joint probability distribution in terms of local 
conditional probabilities (a key advantage of Bayesian networks) as follows. 

The probability P(xi) is called the prior probability for the network and can be 
used to model previous knowledge about the semantics of the application. 

2.8.2 Inference Network Model 

The two most traditional schools of thought in probability are based on the 
frequentist view and the epistemological view. The frequentist view takes prob­
ability as a statistical notion related to the laws of chance. The epistemological 
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Figure 2.9 Basic inference network model. 

view interprets probability as a degree of belief whose specification might be de­
void of statistical experimentation. This second viewpoint is important because 
we frequently refer to probabilities in our daily lives without a clear definition 
of the statistical experiment which yielded those probabilities. 

The inference network model [772, 771] takes an epistemological view of 
the information retrieval problem. It associates random variables with the index 
terms, the documents, and the user queries. A random variable associated with a 
document dj represents the event of observing that document (i.e., the model as­
sumes that documents are being observed in the search for relevant documents). 
The observation of the document dj asserts a belief upon the random variables 
associated with its index terms. Thus, observation of a document is the cause 
for an increased belief in the variables associated with its index terms. 

Index term and document variables are represented as nodes in the network. 
Edges are directed from a document nude to its term nodes to indicate Lhat 
observation of the document yields improved belief on its term nodes. 

The random variable associated with the user query models the event that 
the information request specified by the query has been met. This random 
variable is also represented by a node in the network. The helief in this (query) 
node is a function of the beliefs in the nodes associated with the query terms. 
Tlms, edges are directed from the index term nodes to the query node. Figure 2.9 
illustrates an inference network for information retrieval. The document dj 
has k2 , ki, and kt as its index terms. This is modeled by directing the edges from 
the node d1 to the nodes k2 , ki, and kt . The query q is composed of the index 
terms k1 , k2, and ki. This is modeled by directing the edges from the nodes k1 , 

k21 and ki to the node q. Notice that Figure 2.9 also includes three extra nodes: 
q2 , q1 , and I. The nodes q2 and q1 are used to model an (alternative) Boolean 
formulation q1 for the query q (in this case, q1 = (k1 /\ k2) V ki)- \Vhen such 
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(additional) information is available, the user information need I is supported 
by both q and q1. 

In what follows, we concentrate our attention on the support provided to 
the query node q by the observation of a document d1. Later on, we discuss the 
impact of considering multiple query representations for an information need I. 
This is important because, as Turtle and Croft have demonstrated, a keyword­
based query formulation (such as q) can be combined with a Boolean-like query 
formulation (such as q1) to yield improved retrieval performance for the same 
information need. 

The complete inference network model also includes text nodes and query 
concept nodes but the model discussed above summarizes the essence of the 
approach. 

A simplifying assumption is made which states that all random variables in 
the netv,,ork are binary. This seems arbitrary but it does simplify the modeling 
task and is general enough to capture all the important relationships in the 
information retrieval problem. 

Definition Let k be a t-dimensional vector defined by k = ( k1 , k2 , ... : kt) 
where k1, k2, ... , kt are binary random variables i.e., ki E {O, l}. These variables 
define the 2t possible states for k. Further, let d1 be a binary random variable 
associated with a document dj and let q be a binary random variable associated 
with the user query. 

Notice that q is used to refer to the query, to the random variable associated with 
it, and to the respective node in the network. This is also the case for d1 and 
for each index term k-i· We allow this overloading in syntax because it should 
always be clear whether we are referring to either the query or to its associated 
random variable. 

The ranking of a document d1 with respect to a query q is a measure of 
how much evidential support the observation of d1 provides to the query q. In 
an inference network, the ranking of a document d1 is computed as P( q I\ dj) 
where q and d.i are short representations for q = l and d.i = l, respectively. In 
general, such a ranking is given by 

L P(q I\ djlk) X P(k) 
'vk 

LP(q/\djl\k) 

v'k 

L P(qldj X k) X P (d_j X k) 

v'k 

L P(qlk) X P(kldj) X P(dj) 
',;fk, 

l - P(q/\d1) 

(2.6) 
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which is obtained by basic conditioning and the application of Bayes) rule. Notice 
that P(qldj x k) = P(qlk) because the ki nodes separate the query node q from 
the document node dj. Also, the notation q I\ dj is a short representation for 
, (q /\ d1)· 

The inst antiation of a document node dj (i.e., the observation of the doc­
ument) separates its children index term nodes ma.king t.hem mutually indepen­
dent (see Bayesian theory for details). Thus, the degree of belief asserted to each 
index term node ki by instantiating the document node dj can be computed sep-

arately. This implies that P(kldj) can be computed in product form which yields 
(from equation 2.6) 1 

I: P(qlk) X 

vf 

( f! P(kildj) X w;lg~(k:)--OP{kildj)) X P(d_j) (2,7) 
Vilqi(k)=l v ,. - . 

1 - P(q I\ dj) 

where P(ki lrlj) = 1- P(k:i ldj ). Through proper specification of t he probabilities 
P(q lk), P(kildj), and P(dj), we can make the inference network cover a wide 
range of useful information retrieval ranking strategies. Later on, we discuss how 
to use an inference network to subsume the Boolean model aud tf-idf ranking 
schemes. Let us first cover the specification of the P( dj) probabilities. 

Prior Probabilities for Inference Networks 

Since the document nodes are the root nodes in an inference network) they receive 
a prior probability distribution which is of our choosing. This prior probability 
reflects the probability associated to the event of observing a given document 
dj (to simplify matters, a single document node is observed at a time). Since 
we have no prior preferences for any document in particular, we usually adopt 
a prior probability distribution which is uniform. For instance, in the original 
work on inference networks [772, 771], the probability of observing a document 
dj is set to 1/N where N is t he total number of documents in the system. Thus, 

1 

N 
1 

1 - -
N 

The choice of the value 1/N for the prior probability P(dj) is a simple 
and natural specification given that our collection is composed of N documents. 
However, other speciilcations for P (dj) might also b e interesting. For instance, 
in the r.rn,ine formula of the vector model, the contribution of an index term to 
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t he rank of the document dj is inversely proportional to the norm of the vector 
dj. The larger the norm of the document vector, the smaller is the relative 
contribution of its index terms to the document finR,l rank. This effect can be 
taken into account through proper specification of the prior probabilities P(dj) 
as follows. 

where ldjl stands for the norm of the vector dj, Therefore, in this case, the larger 
the norm of a document vector, the smaller its associated prior probability. Such 
specification reflects a prior knowledge that we have about the behavior of vector­
based ranking strategies (which normalize the ranking in the document space). 
As commanded by Bayesian postulates, previous knowledge of the application 
domain should be asserted in the specification of the priors in the network, as 
we have just done. 

Inference Network for the Boolean Model 

Here we demonstrate how an inference network can be tuned to subsume the 
Boolean model. First, for the Boolean model, the prior probabilities P( dj) are all 
set to 1/N because the Boolean model makes no prior distinction on documents. 
Thus, 

P(dj) 

P(dj ) 

Regarding the conditional probabilities P(kildj) and P(qlk) , the specification is 
as follows. 

P(kildj) 

P(kildj) 

{ 
1 if 9i (di) = 1 
0 otherwise 

1 - P(ki ldj) 

which basically states that, when the document dj is being observed, only the 
nodes associated with the index terms of the document dj are activP- (i .e., have 
an induced probability greater than 0). For instance, observation of a document 
node dj whose term vector is composed of exactly the index terms k2, ki, and kt 
(see Figure 2.9) activates the index term nodes {k2 ,ki,kt} and no others. 

Once the beliefs in the index term nodes have been computed, we can use 
them to compute the evidential support they provide to the user query q as 
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follows. 

P(qlk) 

P(qlk) 

{ 
1 if :3(}cc I (Qcc E 0inf) /\ ('t/ku gi(°k) = 9i(Qcc)) 
0 otherwise 

1 - P(qlk) 

where 1cc and 0inf are as defined for the classic Boolean model. The above 
equation basically states that one of the conjunctive components of the user 
query ( expressed in disjunctive normal form) must be matched by the set of 
active terms in k (in this case, those activated by the document observed) exactly. 

Substituting the above definitions for P(qlk) , P(kildj ), and P(dj) into 
equation 2.7, it can be easily shown that the set of documents retrieved is exactly 
the set of documents returned by the Boolean model as defined in section 2.5.2. 
Thus, an inference network can be used to subsume the Boolean model without 
difficulties. 

Inference Network for tf-idf Ranking Strategies 

For tf-idf ranking strategies (i.e., those related to the vector model), we adopt 
prior probabilities which reflect our prior knowledge of the importance of docu­
ment normalization. Thus, we set the prior P(dj) to 1/ ld~I a . .:; follows. 

1 

lc01 
l-P(dj) 

(2.8) 

Further, we have to decide where to introduce the tf (term-frequency) and the 
idf (inverse-document-frequency) factors in the network. For that purpose, we 
consider that the tf and idf factors are normalized (as in equation 2.1) and that 
these normaliz:ed factors are strictly smaller than 1. 

We first focus on capturing the impact of the tf factors in the network. 
Normalized tf factors arc taken into account through the beliefs asserted upon 
the index term nodes as follows. 

P (ki ldj) 

P (kild.i) 

fi,j 

1 - P(kild.i) 

(2.9) 

These equations simply state that, according to the observed document dj, the 
relevance of a term ki is determined by its normalized term-frequency factor. 

Y-./c are now in a position to consider the influence of idf factors. They are 
taken into account through the specification of the impact of index term nodes 
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on the query node. Define a vector ki given by, 

The vector ki is a reference to the state of the vector k in which the node ki is 
active and all others are inactive. The motivation is that ~ -idf ranking strategics 
sum up the individual contributions of index terms and ki allows us to consider 
the influence of the term ki in isolation. We are now ready to define the influence 
of the index term nodes in the query node q as 

P(qlk) 

P(qlk) 

{ 
idfi if ~ = ~i /\ Yi(ij) = 1 
0 if k =/= ki V 9i ( q) = 0 

1- P(qlk) 

(2.10) 

where idfi here is a normalized version of the idf factor defined in equation 2.2. 
By applying equations 2.8, 2.9, and 2.10 to equation 2.7, we can then write 

1 
- C·X-=.-X 

J ldjl L 
'v'ilg, (d; )= l/\g, (qJ=l 

1 hi X idfi X ---
1 - J..,j 

which provides a tf-idf-like ranking. Unfortunately, CJ depends on a product 
of the various probabilities P(kildj) which vary from document to document 
and thus the ranking is distinct from the one provided by the vector model. 
Despite this peculiarity in the tf-idf ranking generated, it has been shown that 
an inference network is able to provide good retrieval performance with general 
collections. The reason is that the network allows us to consistently combine 
evidence from distinct evidential sources to improve the final ranking, as we now 
discuss. 

Combining Evidential Sources 

In Figure 2.9, the first query node q is the standard keyword-based query for­
mulation for the user information need J. The second query q1 is a Boolean-like 
query formulation for the same information need (i.e., an additional evidential 
source collected from a specialist). The joint support these two query formu­
lations provide to the information need node I can be modeled through, for 
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instance, an OR operator (i.e., I= q V q1). In this ca.se, the ranking provided 
by the inference network is computed as, 

P(I /\dj) - I:P(Jlk) X P(kldj) X P(dj) 
f 

I)1 - P(qlk) P(q1lk)) X P(kldj) X P(dj) 
k 

which might yield a retrieval performance which surpasses the retrieval per­
formance obtained with each of the query nodes in isolation as demonstrated 
in [771]. 

2.8.3 Belief Network Model 

The belief network model, introduced in 1996 by Ribeiro-Neto and Muntz [674], 
is also based on an epistemological interpretation of probabilities. However, it 
departs from the inference network model by adopting a clearly defined sample 
space. As a result, it yields a slightly different network topology which provides 
a separation between the document and the query portions of the network. This 
is the main difference between the two models and one which has theoretical 
implications. 

The Probability Space 

The probability space adopted was first introduced by \Vong and Yao [830] and 
works as follows. All documents in the collection are indexed by index terms and 
the universe of discourse U is the set K of all index terms. 

D efinition ThP- set K = { k1, . .. , kt} is the universe of discourse o.nd defines 
the sample space for the belief network model. Let u C K be a subset of K. To 
each subset u is associated a vector k such that 9i ( k) = 1 ¢::::::;, ki E u. 

The introduction of the vector k is useful to keep the notation compatible with 
the one which has been used throughout this chapter. 

Each index term is viewed as an elementary concept and K as a concept 
space. A concept 11, is a subset of K and might represent a document in the 
collection or a user query. In a belief network, set relationships are specified 
using random variables as follows. 

Definition To each index term ki is associated a binary random variable which 
is also referred to as ki. The random variable ki is set to 1 to indicate that the 
index ki is a member of a concept/set represented by k. 
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This association of concepts with subsets is useful because it allows us to express 
the logical notions of conjunction, disjunction, negation, and implication as the 
more familiar set-theon~t.ic notions of intersection, union, complementation, and 
inclusion. DocumenLs and user queries can be defined as concepts in the ~ample 
space K as follow8. 

Definition A document d.i in the collection is represented as a concept (i.e. 1 a 
set) composed of the terms which are used to index d_1. Analogously, a. ·use·r query 
q is represented as a concept composed of the te:rrns which are used to index q. 

A probability distribution P is defined over K as follows. Let c be a generic 
concept in the space K representing a document or user query. Then, 

P(c) L P(clu) x P(u) (2.11) 
u 

P('u) (ff (2.12) 

Equation 2.11 defines P(c) as the degree of coverage of the space K by c. Such a 
coverage is computed by contrasting each of the concepts in K with c ( through 
P(clu)) and by summing up the individual contributions. This sum is weighted 
by the probability P(u) with which u occurs in K. Since at the beginning 
the system has no knowledge of the probability with which a concept u occurs 
in the space K, we can assume that each 11. is equally likely which results in 
equation 2.12. 

Belief Network Model 

In the belief network model, the user query q is modeled as a network node to 
which is associated a binary random variable (as in the inference network model) 
which is also referred to as q. This variable is set to 1 whenever q completely 
covers the concept space K. Thus, when we assess P(q) we compute the degree of 
coverage of the space K by q. This is equivalent to assessing the degree of belief 
associated with the following proposition: Is it true that q completely covers all 
possible concepts in K ? 

A document dj is modeled as a net1vvork node with which is associated a 
binary random variable which is also referred to as dj. This variable is 1 to 
indicate that dj completely covers the concept space K. \~/hen we assess P(dj), 
we compute the degree of coverage of the space K by dj. This is equivalent to 
assessing the degree of belief associated with the following proposition: Is it true 
that dj completely covers all possible concepts in K? 

According to the above formalism, the user query and the documents in 
the collection are modeled as subsets of index terms. Each of these subsets is 
interpreted as a concept embedded in the concept space K which works as a 
common sample space. Furthermore, user queries and documents are modeled 
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Figure 2.10 Basic belief network model. 

identically. This is an important observation because it defines the Lopology of 
the belief network. 

Figure 2 .10 illustrates our belief network model. As in the inference network 
model, a query q is modeled as a binary random variable which is pointed to 
by the index term nodes which compose the query concept. Docnmcmts are 
treated analogously to user queries (i.e., both are concepts in the space K). 
Thus, contrary to the inference network model, a document node is pointed to 
by the index term nodes which compose the document. This is the topological 
difference between the two models and one which has more implications than it 
seems at first glance. 

T he ranking of a document dj relative to a given query q is interpreted as 
a concept matching relationship and reflects the degree of coverage provided to 
the concept dj by the concept q. 

Assumption ln the belief network model , P (dj 11_1) is adopted as the rnnk of the 
document dj with respect to the query q. 

By the application of Bayes' theorem, we can write P(djlq) = P (dj I\ q)/P(q). 
Since P(q) is a constant for all documents in the collection; we can write P(dj lq) 
~ P(d_1 I\ q) i.e., the rank assigned to a document dj is directly proport ional to 
P( d_1 I\ q). This last probability is computed through the application of equa­
tion 2.11 which yields 

P (djlq) ~ LP(dj I\ qlu) x P (u) 
'vu 

In the belief network of Figure 2.10, instantiation of the index term variables 
logically separates the nodes q and d making them mutually independent (i.e., 
the document and query portions of the network are logically separated by in-
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stantiation of the index term nodes). Therefore, 

P(djjq) ~ LP(djlu) x P(q lu) x P(u) 
Vu 

which can be rewritten as 

P(dj lq) ~ LP(d.ilk) X P(qlk) X P(k) 
Vk 

(2.13) 

To complete the belief network we need to specify the conditional probabil­
ities P(qlk) and P(dj lk). Distinct specifications of these probabilities allow the 
modeling of different ranking strategies ( corresponding to different IR models). 
We now discuss how to specify these prnbabilities to subsume the vector model. 

For the vector model, the probabilities P(qlk) and P(dj lk) are specified as 
follows. Let, 

fi = f I (gi(k) = 1 A Vj;;pi gj(k) = 0) 

as before. Also, 

{ 
w,.g if f = fi A 9i(q) = 1 

P(qlk) ✓~:~1 2 
1JJ / ,q 

0 otherwise 

P(qlk) 1 - P(qlk) 

Further, define 

L 
Wt. if f = fi A 9i(d~) = 1 

P(djlk) E t 2 
1:. 1 w , ,J 

otherwise 

P(dj lk) 1 - P(djlk) 

Then, the ordering of the retrieved documents (i.e. , the ranking) de.fined by 
P( dj lq) coincides with the ordering generated by the vector model as specified 
in section 2.5.3. Thus, the belief network model can be tuned to subsume the 
vector model which cannot be accomplished with the inference network model. 

2.8.4 Comparison of Bayesian Network Models 

There is a close resemblance between the belief network model and the inference 
network model. However, this resemblance hides important differences between 
the two models. First, the belief network model is based on a set-theoretic view 
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of the IR ranking problem ancl aclopts a dearly defined sample space. The in­
ference net,vork model takes a purely epistemological view of the IR problem 
which is more difficult to grasp (because, for instance, the sample space is not 
clearly defined) . Second, the belief network model provides a separation be­
tween the document and the query portions of the net.work which facilitates the 
modeling of additional evidential sources such a::; past queries and past relevance 
information. Third, as a result of this document-query space separation: the 
belief network model is able to reproduce any ranking strategy generated by the 
inference network model while the converse is not true. 

To see that the belief network rankinp; sub:mrnes any ranking ge11eralecl 
by an inference network, compare equations 2.6 and 2.13. The key distinction 
is belween the terms P(d11k) and P(kld1)- For the latter, instantiation of thP. 
document node dJ separates the index term nodes making them mutually in­
dependent. Thus, the joint probability P(kldJ) can always be computed as the 
product of the individual probabilities P(kild.'I). However, the computation of 

P(dj Jk) might be non-decomposable in a product of term-based probabilities. 
As a result, P(dJl°k) can express any probability function defined with P(kJdj) 
while the converse is not true. 

One should not infer from the above comparison that the inference network 
model is not a good model. On the contrary, it has been shown in the literature 
that the inference netvmrk model allows top retrieval perforrnance to be accom­
plished with general collectiom;. Further, it is the retrieval model used by the 
Inqucry system. The point of the comparison is that, from a theoretical point 
of view, the belief nehvork model is more general. Also, it provides a separation 
bet·ween the document space and the query space which simplifies the modeling 
task. 

2.8.5 Computational Costs of Bayesian Networks 

In the inference network model, according to equation 2.6, only the states which 
have a single document active node are considered. Thus, the cost of computing 
the ranking is linear on the number of documents in the collection. As with 
conventional collections, i11<lex structures such as inverted files (see Chapter 8) 
are used to restrict the ranking computation to those documents which have 
terms in common with the query. Thus, the cost of computing an inference 
network ranking has the same complexity a;:; the cost of computing a vectorial 
ranking. 

In the belief nct\vork model, according to equation 2.13, the only states 
( of the roots nodes) considered ( for computing the rank of a document dJ) arc 
the ones in which Lhe acLive uo<les are exactly those c1ssocia.ted with the query 
t erms. Thus, ap;ain, the cost of computing the ranking is linear on the number of 
documents in the collection. If index structures are used, the cost of computing 
a belief rrntwork rnnking has Urn same complr.xity as the cost of computing a 
vedorial ranking. 
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Therefore, the Baye.sian network models discussed here do not impose sig­
nificant additional costs for ranking computation. This is so because the net­
works presented do not include cycles, which implies that belief propagation can 
be done in a time proportional to the number of nodes in the network. 

2.8.6 The Impact of Bayesian Network Models 

The classic Boolean model is based on a neat formalism but is not very effective 
for information retrieval. The classic vector model provides improved ansvver 
sets but lacks a more formal framework. Many attempts have beeu made in the 
past to combine the best features of each model. The extended Boolean model 
and the generalized vector space model are two well known examples. These past 
attempts are grounded in the belief that the combination of selected properties 
from distinct models is a promising approach towards improved retrieval. 

Bayesian network models constitute modern variants of probabilistic rea­
soning whose major strength (for information retrieval) is a framework which 
allows the neat combination of distinct evidential sources to support a relevance 
judgement (i.e., a numerical rank) on a given document. In this regard, belief 
networks seem more appropriate than previous approaches and more promis­
ing. Further, besides allowing the combination of Boolean and vector features, a 
belief network can be naturally extended to incorporate evidential information 
derived from past user sessions [67 4] and feedback cycles [332]. 

The inference network model has been successfully implemented in the 
Inquery retrieval system [122] and compares favorably \vith other retrieval sys­
tems. However, despite these promises, whether Bayesian networks will become 
popular and widely used for information retrieval remains to be seen. 

2.9 Structured Text Retrieval Models 

Consider a user with a superior visual memory. Such a user might then recall 
that the specific document he is interested in contains a page in ,vhich the string 
'atomic holocaust' appears in italic in the text surrounding a Figure whose label 
contains the word 'earth .' \Vith a classic information retrieval model, this query 
could be expres.sed as ['atomic holocaust' and 'earth'] which retrieves all the 
documents containing both strings. Clearly, however, this answer contains many 
more documents than desired by this user. In this particular case, the user would 
like to express his query through a richer expression such as 

same-page (near (' atomic holocaust,' Figure (label ('earth')))) 

which conveys the details in his visual recollection. Further, t he user might be 
interested in an advanced interface which simplifies the task of specifying this 
(now complex) query. T his example illustrates the appeal of a query language 
which allows us t o combine the specification of strings (or patterns) with the 
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specification of structural components of the document. Retrieval models which 
combine information on text content with information on the document structure 
are called strur:turcd text retrieval models. 

For a query such as the one illustrated above, a structured text retrieval 
system searches for all t he documents which sat·isfy the query. Thus, there is 
no notion of relevance attached to the retrieval task. In this sense, the cur­
rent Rtructured text retrieval models are data (instead of information) retrieval 
models. However, the retrieval Rystem could search for documents which match 
the query conditions only partially. In this situation, the matching would be ap­
proximate and some ranking would have to be used for ordering tl1e approximate 
answers. Thus, a structured text retrieval algorithm can be seen as an informa­
tion retrieval algorithm for which the issue of appropriate ranking is not well 
established. In fact, this is an actual, interesting, and open research problem. 

At the end of the 1980s and throughout the 1990s, various structured text 
retrieval models have appeared in t he literature. Usually, the more expressive 
the model, the less efficient is its query evaluation strategy. Thus, selection 
of a structured model for a given application must be exercised with care. A 
good policy is to select the most efficient model which supports the functionality 
required by the application in view. 

Here, we do not survey all the structured text retrieval models. Instead, 
we briefly discuss the main features of two of them, namely, a model based on 
non-overlapping lists and a model based on pro:cim.al nodes. These two models 
should provide a good overview of t he main issues and tradcoffs in structured 
text retrieval. 

We use the term match point Lo refer to the position in the text of a sequence 
of words which matches ( or satisfies) the user query. Thus, if the user specifies the 
simple query ['atomic holocaust in Hiroshima'] and this string appears in three 
prn:;itions in the text of a document dj, we say that the document dj contains 
three match points. Further, we use the term region to refer to a contiguous 
portion of the text and the term node to refer to a structural component of the 
document such as a chapter, a section, a subsection, etc. Thus, a node is a region 
with predefined topological properties which are known both to the author of 
t he document and to the user who searches the document system. 

2.9.1 Model Based on Non-Overlapping Lists 

Burkowski [132, 133] proposes to divine the whole text of each document in non­
overlapping text regions which are collected in a list. Since there are multiple 
ways to divide a text in non-overlapping regions, multiple lists are generated. 
For instance, we might have a list of all chapters in the document, a second 
list of all sections in the document, and a third list of all subsectionR in the 
document. These lists are kept as separate and distinct data structures. While 
the text regions in the same (fl at) list have no overlapping, text regions from 
distinct lists might overlap. Figure 2.11 illustrates four separate lists for the 
same document. 
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______________ Chapter 

• • 
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Subsections ••--· 

L3 ...,__.__ ------ --Subsubsections 

Figure 2.11 Representation of the structure in the text of a document through four 
separate (flat) indexing lists. 

To allow searching for index terms and for text regions, a single inverted file 
(see Chapter 8 for a definition of inverted files) is built in which each structural 
component stands as an entry in the index. Associated with each entry, there 
is a list of text regions as a list of occurrences. Moreover, such a list could be 
easily merged with the traditional inverted file for the words in the text. Since 
the text regions are non-overlapping, the types of queries which can be asked are 
simple: (a) select a region which contains a given word (and does not contain 
other regions); (b) select a region A which does not contain any other region B 
(where B belongs to a list distinct from the list for A); (c) select a region not 
contained within any other region, etc. 

2.9.2 Model Based on Proximal Nodes 

Navarro and Baeza-Yates [41, 589: 590] propose a model which allows the def­
inition of independent hierarchical (non-flat) indexing structures over the same 
document text. Each of these indexing structures is a strict hierarchy composed 
of chapters, sections, paragraphs, pages, and lines which are called nodes (see 
Figure 2.12). To each of these nodes is associated a text region. Further, two 
distinct hierarchies might refer to overlapping text regions. 

Given a user query which refers to distinct hierarchies, the compiled answer 
is formed by nodes which all come from only one of them. Thus, an answer cannot 
be composed of nodes which come from two distinct hierarchies ( which allows for 
faster query processing at the expense of less expressiveness). Notice, however, 
that due to the hierarchical structure, nested text regions ( coming from the same 
hierarchy) are allowed in the answer set. 

Figme 2.12 illustrates a hierarchic.:al indexing structure composed of four 
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Figure 2 .12 Hierarchical index for structural components and flat index for words. 

levels ( corresponding to a chapter, sections, subsections, and subsubsections of 
the same document) and an inverted list for the word 'holocaust. 1 The entries in 
this inverted fo;t indicate all the positions in the text of the document in which 
the word 'holocaust' occurs. In the hiera.rcl1Y: each node indicates the position 
in the text of its associated structural component (chapter, section: subsection, 
or subsubs0,ction). 

The query language allows the specification ofregular expressions (to search 
for strings), the reference to structural components by name (to search for chap­
ters, for instance), and a combination of these. In this sense, the model can be 
viewed as a compromise between expressiveness and efficiency. The somewhat 
limited expressiveness of the query language allows efficient query processing by 
first searching for the components which match the strings specified in the query 
and, subsequently, evaluating which of these components satisfy the structural 
part of the query. 

Consider, for instance, the query [(*section) with ('holocamit')] which 
searches for sections, subsections, or subsubsections which contain the word 
'holocaust.' A simple query processing strategy is to traverse the inverted list 
for the term 'holocaust' a.nd, for each entry in the list (,vhich indicates an occur­
rence of the term 'holocaust' in the text), search the hierarchical index looking 
for sections, subsections, and subsubsections containing that occurrence of the 
term. A more sophisticated query processing strategy is as follows. For the first 
entry in the list for 'holocaust,' search the hierarchical index as hefore. This 
implies traversing down the hierarchy until no more successful matches occur 
( or the bottom of the hierarchy is reached). Let the last matching structural 
component be referred to as the innermost matching component. Once this first 
search is concluded, do not start all over again for the following entry in the 
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inverted list. Instead, verify whether the innermost matching component also 
matches the second entry in the list. If it does, we immediately conclude that 
the larger structural components above it (in the hierarchy) also do. Proceed 
then to the third entry in the list, and so on. Notice that the query processing 
is accelerated because only the nearby ( or proximal) nodes in the list need to be 
searched at each time. This is the reason for the label proximal nodes. 

The model based on proximal nodes allows us to formulate queries which 
are more complex than those which can be formulated in the model based on nou­
overlapping lists. To speed up query processing, however: only nearby (proximal) 
nodes are looked at which imposes restrictions on the answer set retrieved (all 
nodes must come from the same hierarchy). More complex models for structured 
retrieval have been proposed in the literature as discussed in [41, 590]. 

2.10 Models for Browsing 

As already observed, the user might not be interested in posing a specific query 
to the system. Instead, he might be willing to invest some time in exploring 
the document space looking for interesting references. In this situation, we say 
that the user is browsing the space instead of searching. Both with browsing and 
searching, the user has goals which he is pursuing. However, in general, the goal 
of a searching task is clearer in the mind of the user than the goal of a browsing 
task. As is obvious, this is not a distinction which is valid in all scenarios. But, 
since it is simple and provides a clear separation between the tasks of searching 
and browsing, it is adopted here. We distinguish three types of browsing namely, 
flat, structure guided, and hypertext. 

2.10.1 Flat Browsing 

The idea here is that the user explores a document space which has a flat orga­
nization. For instance, the documents might be represented as dots in a (two­
dimensional) plan or as elements in a (single dimension) list . The user then 
glances here and there looking for information within the documents visited. 
For instance, he might look for correlations among neighbor documents or for 
keywords which are of interest to him. Such keywords could then be added to 
the original query in an attempt to provide better contextualization. This is a 
process called relevance feedback which is discussed in detail in Chapter 5. Also, 
the user could explore a single document in a flat manner. For example, he 
could use a browser to look into a Web page, using the arrows and the scroll 
bar. One disadvantage is that in a given page or screen there may not be any 
indication about the context where the user is. For example, if he opens a novel 
at a random page, he might not know in which chapter that page is. 

Vlfeb search engines such as 'Yahoo!' provide, besides the standard search 
interface, a hierarchical directory which can be used for browsing (and frequently, 
for searching). However, the organization is not flat as discussed belm•.r. 
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2.10.2 Structure Guided Browsing 

To facilitate the task of browsing1 the documents might be organi1/,ed in a struc­
ture such as a directory. Directoriet\ are hierarchies of classes which group doc­
uments covering related topics. Such hierarchies of classes have been used to 
classify document collections for many centuries now. Thus, it seems natural 
to adapt them for use with modern browsing interfaces. In this case, we say 
that the user performs a structure guided type of browsing. The same idea can 
be applied to a single document .. F'or example, if we arc browsing an electronic 
hook, a first level of content could be the chapters, the second level, all sect.ions, 
and so on. The last level would be the t ext itself (flat). A good user interface 
could go down or up those levels in a focused manner, assisting the user with 
the task of keeping track of the context. 

Besides the structure which directs the browsing task, the interface can also 
include facilities such as a history map which identifies classes recently visited. 
This might be quite useful for dealing with very large structures - an issue 
discussed in Chapters 10 and 13. When searching, the occurrences can also be 
displayed showing just the structure (for example, using the table of contents). 
This allows us to see the occurrences in a global context instead of in a page of 
text that may have no indication of where wc arc. 

2.10.3 The Hypertext Model 

One fundamental concept related to the task of writing down text is the notion 
of sequencing. Written text is usually conceived to be read sequentially. The 
reader should not expect to fully understand the message conveyed by t he writer 
by randomly reading pieces of text here and there. One might rely on the text 
structure to skip portions of the text but this might result in miscommunication 
between reader and writer. Thus, a sequenced organizational structure lies un­
derneath most written text . ·when the reader fails to perceive such a structure 
and abide by it, he frequently is unable to capture the essence of the writer's 
message. 

Sometimes, however, we are looking for information which is subsumed by 
the whole text but which cannot be easily captured through sequential reading. 
For instance, while glancing at a book about the history of the wars fought by 
man, we might be momentarily interested solely in the regional wars in Europe. 
We know that this information is in the book but we might have a hard time 
finding it because the writer did not organize his writings with this purpose (he 
might have organized the wars chronologically). In such a situation1 a different 
organization of the text is desired. However, tl1ere is no point in rewriting the 
whole text. Thus, the solution is to define a new organizational structure besides 
the one already in existence. One way to accomplish such a goal is through the 
design of a hypertext. 
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Hypertext Definition and the Navigational Task 

A hypertext is a high level interactive navigational structure which allows us to 
browse text non-sequentially on a computer screen. It consists basically of nodes 
which are correlated by directed links in a graph structure. 

To each node is associated a text region \Vhich might be a chapter in a 
book, a section in an article, or a Web page. Two nodes A and B might be 
connected by a directed link lAB which correlates the texts associated with these 
two nodes. In this case1 the reader might move to the node B while reading the 
text associated with the node A. 

In its most conventional form, a hypertext link l;18 is attached to a spe­
cific string inside the text for node A. Such a stxing is matked specially (for 
instance, its characters might appear in a different color 01· underlined) to indi­
cate the presence of the underlying link. 'While reading the text, the user might 
come across a marked string. If the user clicks on that string, the underlying 
directed link is followed, and a new text region ( associated with the node at the 
destination) is displayed on the screen. 

The process of navigating the hypertext can be understood as a traversal of 
a directed graph. The linked nodes of the graph represent text nodes which are 
semantically related. While traversing this graph the reader visualizes a flow of 
information which was conceived by the designer of the hypertext. Consider our 
previous example regarding a book on the wars fought by man. One might design 
a hypertext composed of two distinct webs (here, a web is simply a connected 
component formed by a subset of all links in the hypertext). While the first 
web might be designed to provide access to the local wars fought in Europe 
in chronological order, the second web might be designed to provide access to 
the local wars fought by each European country. In this way, the user of this 
hypertext can access the information according to his particular need. 

\iVhen the hypertext is large, the user might lose track of the organizational 
structure of the hypertext. The effect is that the user might start to take bad 
navigational decisions which might sidetrack him from his main goal (which 
usually consists of finding a piece of information in the hypertext). --when this 
happens, the user is said to be lost in hyperspace [604]. To a.void this problem, 
it is desirable that the hypertext include a hypertext map which shows where 
the user is at all times. In its simplest form, this map is a directed graph which 
displays the current node being visited. Additionally, such a map could include 
information on the paths the user has traveled so far. This can be used to remind 
the user of the uselessness of following paths which have been explored already. 

\Vhile navigating a hypertext, the user is restricted to the intended flow of 
information previously conceived by the hypertext designer. Thus, the task of 
designing a hypertext should take into account the needs of its potential users. 
This implies the execution of a requirement analysis phase before starting the 
actual implementation of the hypertext. Such a requirement analysis is critically 
important but is frequently overlooked. 

Furthermore, during the hypertext navigation, the user might find it dif­
ficult to orient himself. This difficulty arises even in the presence of a guiding 



68 MODELING 

tool such as the hypertext map discussed above. One possible reason is an exces­
sively complex hypertext organization with too many links which allow the user 
to travel back and forth. To avoid this problem, the hypertext can have a simpler 
structure which can be quickly remembered by the user at all times. For instance, 
the hypertext can be orgR.nizerl hiel'archically to facilitate the navigational task. 

Definition of the structure of the hyperte:>..-t should be accomplished in a 
domain modeling phase (done after a requirement analysis phase). Further: after 
the modeling of the domain, a user interface design should be concluded prior 
to implementation. Only then, can we say that we have a proper hyperte:\.i; 
structure for the application at hand. In the W"eb, however, pages are usually 
implemented wjth no attention paid to requirement analysis domain modeling, 
ro1d user interface design. As a result, Web pages are frequeJ1tly poorly conceived 
and often fai l to provide the user with a proper hypertext structure for assistance 
with the information seeking task. 

,i\1ith large hypertexts, it might be difficult for the user to position himself 
in the part of the whole graph which is of most interest to him. To facil itate thi 
initial positioning step, a search based on index terms might be used. In [540). 
Manber discusses the advantages of this approach. 

Hypertexts provided the basis for the conception and design of the hy­
pertext markup language (HTML) and the hypertext transfer protocol (HTTP) 
which originated the liffot'ld Wide Web (which we simply refer to as the Web) . In 
Chap ter 13, we discuss the W'eb in detail. Vle briefly discuss some of .its featw:es 
helow. 

About the Web 

VVhen onP- ta.lks about t he \Veb, the first concept which comes to mind "is that 
of a hypertext. In fact, we frequently think of the 'Web as a huge distributed 
hypertext domain. However, the 'Web is not exactly n proper hypertext because 
it lacks an unclerlyhig data model, it Jacks a navigational plan and it lacks 
a consistently designed user interface. Each one of the millions of Vi'eb page 
designers devises his own interface with its own peculiar characteristics. l\ifany 
times we visit a "\¥eb site simply looking for a phone nwnber and cannot. find it 
because it is buried in the least expected place of the local hypertext structure. 
Thus, the Web user has no underlying metaphor to assist, him in the search for 
information of interest. 

Instead of saying that the Web is a hyperte:Kt. we prefer to say that it is 
a pool of (part ially) interconnected webs. Some of these webs might be charac­
terized as a local hypertext (in the sense that they have an underlying structure 
which enjoys some consistency) but others might be simply a collection of pages 
designed separately (for instance, the web of a university department whose pro­
fessors design their own pages). Despite not being exactly a hypertext; the \iVeb 
has provided us with a new dimension in communication .li.mctionality because 
it is easily accessible world wide at very low cost. And maybe most important, 
the Web has no control body setting up regulaLions aud censorship rules. As a. 
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result, for the first time in the history of mankind, any one person can publish 
his writings through a large medirnn without being subjected to the filtering of 
an editorial board. 

For a more thorough discussion of these and many other issues related to 
the Web, the user is referred to Chapter 13. 

2.11 Trends and Research Issues 

There are three main types of products anrl systems which can benefit directly 
from research in models for information ret,rieval: library systems, specialized 
retrieval systems, and the Web . 

Regarding library systems, there is currently much interest in cogniti vP- and 
behavioral issues oriented particularly at a better understanding of which criteria 
the users adopt to judge relevance. From thP- point of view of thP- computer 
scient ist, a main question is how this knowledge about the user affects the ranking 
strategies and the user interface implemented by the system. A related issue is 
the investigation of how models other than the Boolean model (which is still 
largely adopted by most large commercial library systems) affect the user of a 
library. 

A specialized retrieval system is one which is developed with a particu­
lar application in mind. For instance, the LEXIS-NEXIS retrieval system (see 
Chapter 14), which provides access to a very large collection of legal and busi­
ness documents, is a good example of a specialized retrieval syst em. In such a 
system, a key problem is how to retrieve (almost) all documents which might 
be relevant to the user information need without also retrieving a large number 
of unrelated documents. In this context, sophisticated ranking algorithms are 
highly desirable. Since ranking based on single evidential sources is unlikely to 
provide the appropriate answers, research on approaches for combining several 
evidential sources seems highly relevant ( as demonstrated at the various TREC 
conferences, sec Chapter 3 for details) . 

In the \Veb, the scenario is quite dist,inct and unique. In fact, the user 
of the Web frequently does not know what he wants or has great difficulty in 
properly formulating his request. Thus, research in advanced user interfaces is 
highly desirable. From the point of view of t he ranking engine, an interesting 
problem is to study how the paradigm adopted for the m;er interface affed8 tl,e 
ranking. Furthermore, it is now i.vell est ablished that the indexes maintained by 
the various Web search engines are almost disjoint ( e.g., the ten most popular 
search engines have indexes whose intersection corresponds to less than 2% of 
the total number of pages in<lexed). In this scenario, research on meta-search 
engines (i.e., engines which work by fusing the rankings generated by other search 
engines) seems highly promising. 

2.12 Bibliographic Discussion 

Early in 1960, Maron and Kuhns [547] had already discussed the issues of rel­
evance and probabilistic indexing in information retrieval. Twenty-three years 
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lat,er, Salton and McGill wrote a book [698] which became a classic in the field. 
The book provides a thorough coverage of the three classic models in information 
retrieval namely, the Boolean, the vector, and the probabilistic models. Another 
landmark reference is the book by van Rijsbergen [785] wbich: besides also cover­
ing the three classic models, presents a thorough and enjoyable discussion on the 
prolmhilisLic model. The book edited by FrF1kes and Baeza-Yates [275] presents 
several daLa structures and algorithms for IR and is more recent. Further, it 
includes a discussion of ranking algorithms by Harman [340] which provides in­
teresting insights into the history of information retrieval from 1960 to 1990. 

Boolean operations and their implementation are covered in [803]. The 
inadequacy of Boolean queries for information retrieval was characterized early 
on by Verhoeff, Goffman, and Reb:er [786]. The issue of adapting the Boolean 
formalism to operate wiLh other frameworks received great attention. Book­
stein discusses the problems related with merging Boolean and weighted re­
trieval systems [101] and the implications of Boolean structure for probabilistic 
retrieval [103]. Losee and Bookstein l522] cover the usage of Boolean queries with 
probabilistic retrieval. Anick et al. [21] propose an interface based on natural 
language for Boolean retrieval. A thesaurus-based Boolean retrievo.,l system is 
proposed in [493]. 

The vector model is maybe the most popular model among the research 
community in information retrieval. Much of this popularity is due to the long­
term research of Salton and his assoc.iates [697, 704]. Most oft.his research re­
volved around the SMART retrieval system developed at Cornell University [695, 
842, 696]. Term weighting for the vector model has also been investigated thor­
oughly. Simple term weighting was used early on by Salton and Lcsk [697]. 
Sparck Jones introduced the i<lf factor [409: 410] and Salton and Yang verified 
its effectiveness for improving retrieval [704]. Yu and Salton [842] further stud­
ied the effects of term ,veighting in the final ranking. Salton and Buckley [696] 
summarize 20 years of experiments in term weighting with the Sivf A RT system. 
Raghavan and Wong [665] provide a critical analysis of the vector model. 

The probabilistic model was introduced by Robertson and Sparck Jones 
[677] and is thoroughly discussed in [785]. Experimental studies with the model 
were conducted by Sparck Jones [411; 412] which used feedback from the user to 
estimate the initial probabilities. Croft and Harper '.199: proposed a method to 
estimate these probabilities without feedback from the user. Croft [198] later on 
added within-document frequency weights into the model. Fuhr discusses proba­
bilistic indexing through polynomial retrieval functions [281, 284]. Cooper, Gey, 
and Dabney [186] and later on Gey [295] propose the Ul:ie of logistic regression 
with probabilistic retrieval. Lee and Kantor [494] study the effect of inconsistent 
expert judgements on probabilistic retrieval. Fuhr [282] reviews various vari­
ants of the classic probabilistic model. Cooper [187], in a seminal paper, raises 
troubling questions on the utilization of the probabilist ic ranking principle in 
information retrieval. 

The inference network model was introduced by Turtle and Croft [772, 771J 
in 1990. Haines and Croft [332] discuss the utilization of inference networks for 
user relevance feedback (see Chapter 5). Callan, Lu, and Croft [139] use an 
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inference network to search distributed document collections. Callan (138], in 
his turn, discusses the application of inference networks to information filtering. 
The belief network model, due to Ribeiro-Neto and Muntz (674], generalizes the 
inference network model. 

The extended Boolean model \Vas introduced by Salton, Fox, and Wu [703]. 
Lee, Kim: Kim, and Lee (496] discuss the evaluation of Boolean operators with 
the extended Boolean model, while properties of the model are discussed in (495]. 
The generalized vector space model was introduced in 1985 by Wong, Ziarko, and 
Wong [832, 831]. Latent semantic indexing was introduced in 1988 by Furnas, 
Deerwester, Dumais, Landauer, Harshman, Streeter, and Lochbaum [287]. In a 
subsequent paper, Bartell, Cottrell, and Belew (62] show that latent semantic 
indexing can be interpreted as a special case of mult idimensional scaling. 

Regarding neural network models for information retrieval, our discussion 
in this book is based mainly on the work by Wilkinson and Hingston [815]. 
But we also benefited from the writings of Kwok on the subject and related 
topics (466, 467, 469, 468]. 

The fuzzy set model (for information retrieval) covered in this book is due 
to Ogawa, Morita, and Kobayashi [616]. The utilization of fuzzy theory in infor­
mation retrieval goes back to the 1970s with the work of Radecki (658, 659, 660, 
661], of Sachs (691], and of Tahani [755]. Bookstein [102] proposes the utilization 
of fuzzy operators to deal with weighted Boolean searches. Kraft and Buel (461] 
utilize fuzzy sets to generalize a Boolean system. Miyamoto, Miyake, and 
Nakayama (567] discuss the generation of a pseudothesaurus using co-occurrences 
and fuzzy operators. Subsequently, Miyamoto and Nakayama [568] discuss the 
utilization of this thesaurus with information retrieval systems. 

Our discussion on structured text is based on the survey by [41]. An­
other survey of interest ( an older one though) is the work by MacLeod [533]. 
Burkowski [132, 133] proposed a model based on non-overlapping regions. 
Clarke, Cormack, and Burkowski [173] extended this model with overlapping 
capabilities. The model based on proximal nodes was proposed by Navarro and 
Baeza-Yates (589, 590]. In (534], MacLeod introduced a model based on a sin­
gle hierarchy which also associates attributf'A'> with nodes in the hierarchy (for 
database-like querying) and hypertext links with pairs of nodes. Kilpelainen and 
Mannila [439] discuss the retrieval from hierarchical texts through the specifica­
tion of partial patterns. In [183], Cousens and Milo discuss algebras for querying 
text regions. 

A classic reference on hypertexts is the book by Nielsen [604]. Another 
popular reference is the book by Shneiderman and Kearsley [727]. Conklin [181] 
presents an introductory survey of the area. The Communications of the A CM 
dedicated an special edition [177] to hypermedia which discusses in detail the 
Dexter model - a reference standard on the terminology and semantics of basic 
hypermedia concepts. A subsequent edition (178] was dedicated to the presen­
tation of various models for supporting the design of hypermedia applications. 
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Chapter 3 
Retrieval Evaluation 

3.1 Introduction 

Before the final implementation of an information retrieval system, an evalua­
tion of the system is usually carried out. The type of evaluation to be considered 
depends on the objectives of the retrieval system. Clearly, any software system 
has to provide the functionality it was conceived for. Thus, the first type of 
evaluation which should be considered is a functional analysis in which the spec­
ified system functionalities are tested one by one. Such an analysis should also 
include an error analysis phase in which, instead of looking for functionalities, 
one behaves erratically trying to make the system fail. It is a simple procedure 
which can be quite useful for catching programming errors. Given that the sys­
tem has passed the functional analysis phase, one should proceed to evaluate the 
performance of the system. 

The most common measures of system performance are time and space. 
The shorter the response time, the smaller the space used, the better the system 
is considered to be. There is an inherent tradeoff between space complexity and 
time complexity which frequently allows trading one for the other. In Chapter 8 
we discuss this issue in detail. 

In a system designed for providing data retrieval, the response time and the 
space required are usually t he metrics of most interest and the ones normally 
adopted for evaluating the system. In this case, we look for the performance 
of the indexing structures ( which are in place to accelerate the search), the 
interaction with the operating system, the delays in communication channels, 
and the overheads introduced by the many software layers which are usually 
present. We refer to such a form of evaluation simply as performance evalv.ation. 

In a system designed for providing information retrieval, other metrics, 
besides time and space, are also of interest. In fact, since the user query request 
is inherently vague, the retrieved documents arc not exact answers and have 
to be ranked according to their relevance to the query. Such relevance ranking 
introduces a component which is not present in data retrieval systems and which 
plays a central role in information retrieval. Thus, information retrieval systems 
require the evaluation of how precise is the answer set. This type of evaluation 
is referred to as retrieval performance evaluation. 

73 
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In this chapter, we discuss retrieval performance evaluation for information 
retrieval sysLems. Such an evaluation is usually based on a test reference collec­
tion and on an evaluation measure. The test reference collection consists of a 
collection of documents, a set of example information requests, and a set of rele­
vant documents (provided by specialists) for each example information request. 
Given a retrieval strategy S, the evahrntion measure quantifies (for each example 
information request) the similarity between the set of documents retrieved by S 
and the set of relevant documents provided by the specialists. This provides an 
estimation of the goodness of the retrieval strategy S. 

In our discussion, we first cover the two most used retrieval evaluation mea­
sures: recall and precision. We also cover alternative evaluation measures such 
as the E measure, the harmonic mean, satisfaction, frustration, etc. Following 
that, we cover four test reference collections namely, TIPSTER/TREC, CACM, 
CISI, and Cystic Fibrosis. 

3.2 Retrieval Performance Evaluation 

When considering retrieval performance evaluation, we should first consider the 
retrieval task that is to be evaluated. For instance, the retrieval task could 
consist simply of a query processed in baLch mode (i.e., the user submits a 
query a.ncl receives an answer back) or of a whole interactive session (i.e., the 
user specifies his information need through a series of interactive steps wit h the 
system). Further, the retrieval task could also comprise a combination of these 
two strategies. Batch and interactive query tasks are quite distinct processes and 
thus their evaluations are also distinct. In fact: in an interactive session, user 
effort, characteristics of the interface design, guidance provided by the system, 
and duration of the session are critical aspects which should be observed and 
measured. In a batch session, none of these aspects is nearly as important as the 
quality of the answer set generated. 

Besides t he nature of the query request, one has also to consider the setting 
where the evaluation will take place a.nd the type of interface used. Regarding the 
setting, evaluation of experiments performed in a laboratory might be quite dis­
tinct from evaluation of experiments carried out in a real life situation. Regarding 
the type of interface, while early bibliographic systems (which still dominate the 
commercial market as discussed in Chapter 14) present the user with interfaces 
which normally operate in batch mode, newer systems (which are been popu­
larb:ed by the high quality gn.1,pliic displays available nowadays) 11s11ally present 
the user with complex interfaces which often operate interactively. 

Retrieval performance evaluation in the early days of computer-based infor­
mation retrieval systems focused primarily on laboratory experiments designed 
for batch interfaces. In the 1990s, a lot more attention has been paid to the 
evaluation of real life experiments. Despite this tendency, laboratory experi­
mentation is still dominant. T'wo main reasons are the repeatability and the 
scalability provided by the closed setting of a laboratory. 
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In this book, we focus mainly on experiments performed in laboratories. 
In this chapter in particular we discuss solely the evaluation of systems which 
operate in batch mode. Evaluation of systems which operate interactively is 
briefly discussed in Chapter 10. 

3.2.1 Recall and Precision 

Consider an example information request I ( of a test reference collection) and 
its set R of relevant documents. Let IRI be t he number of documents in this set. 
Assume that a given ret rieval strategy (which is being evaluated) processes the 
information request I and generates a document answer set A. Let IAI be the 
number of documents in this set. Further, let IRal be the number of documents 
in the intersection of the sets R and A. Figure 3.1 illustrates these sets. 

The recall and precision measures are defined as follows. 

• Recall is the fraction of the relevant documents (the set R) which has been 
retrieved i.e. , 

IRal 
Recall= IRf 

• Precision is the fraction of the retrieved documents (the set A) which is 
relevant i.e., 

. . IRal 
Precision = W 

Recall and precision, a.c; defined above, a.<,1mme that all the documents in the 
answer set A have been examined ( or seen). However, the user is not usually 
presented with all the documents in the answer set A at once. Instead, the 

Relevant Docs 
in Answer Set 

IRal 

Relevant Docs 
IRI 

Figure 3.1 Precision and recall for a given example information request. 
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documents in A are first sorted according to a. degree of relevance (i.e., a ran king 
is generated). The user then examines this ranked list starting from the top 
document. In this situation, the recall and preci1:,ion measures vary as the u1:,er 
proceeds with his exa.minaLion of Lhe answer seL A. Thus, proper evaluation 
requires plotting a precision versus recall curve as follows. 

As before, consider a reference collection and its set of example information 
request::;. Let us focus on a given exmnple information request for \vhich a query 
q is formulated. Assume that a set H.q containing the relevant documents for q 
has been defined. vVithont loss of generality, assume further that the set R9 is 
composed of the following documents 

(3.1) 

Thus, acconling to a group of specialists, there a.re ten documents which are 
relevant to the query q. 

Consider now a new retrieval algorithm which has just been designed. As­
sume that this algorithm returns, for the query q, a ranking of the documents in 
the answer set as follows. 

Ranking for query q: 

1. d123 • 6. dg • 11. d3s 

2. cl'/34 7. d511 12. d48 

3. d r,G. 8. d1w 13. rhso 
4. d5 9. d1s1 14. dn 3 
5. ds 10. d25 • 15. d3 • 

The documents that are relevant to the query q are marked \vith a bullet after the 
document number. If we examine this ranking, starting from the top document, 
we observe the following points. First, the document d123 which is ranked as 
number l is relevant. Further, this documenL col'l'esponds lo 10% of all the 
relevant documents in the set Rq· Thus, we say that we have a precision of 
100% at 10% recall. Second, the document ds0 ·which is ranked as number 3 
is the next releva11t document. At this µoint, we say that we have a precision 
of roughly 66% (two documents out of three are relevant) at 20% recall (two 
of the ten rekNant documents have heen seen). Third, if we proceed with our 
examination of the ranking generated we can plot a curve of precision versus 
recall as illustrated in Figure 3.2. The precision at levels of recall higher than 
.SO% drops to O because not all relevant documents have been retrieved. This 
precision versus recall curve is usually based on 11 (instead of ten) standard recall 
leveb \vhich are 0%, 10%: 20%, . . . , 100%. For the recall level 0%, the precision 
is obtained through an interpolation procedure as detailed below. 

In the above example, the precision and recall figures arc for a single query. 
Usually, however: retrieval algorithms are evaluated by running them for several 
disLinct queries . lu this ca.se, for each query a distinct preci.sion ver.sus recall 
curve is generated. To evaluate the retrieval performance of an algor ithm over 
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40 60 

Recall 

80 100 120 

Figure 3.2 Precision at 11 standard recall levels. 

all test queries, we average the precision fig·ures at each recall level as follows. 

P(r) = t p~~r) 
i=l q 

(3.2) 

where P (r) is the average precision at the recall level r , Nq is the number of 
queries used) and Pi(-r) is the precision at recall level r for the i-th query. 

Since the recall levels for each query might be distinct from the 11 standard 
recall levels, utilization of an interpolation procedure is often necessary. For 
instance, consider again the set of 15 ranked documents presented above. Assume 
that the set of relevant documents for the query q has changed and is now given 
by 

(3.3) 

In this case, the first relevant document in the ranking for query q is d56 which 
provides a recall level of 33.3% (with precision also equal to 33.3%) because, 
at this point, one-third of all relevant documents have already been seen. The 
second relevant document is d129 which provides a recall level of 66.6% ( with 
precision equal to 25%). The third relevant document is d3 which provides a 
recall level of 100% (with precision equal to 20%). The precision figures at the 
11 standard recaU levels are interpolated as follows. 

Let 'rj, j E {O, 1, 2, .. . , 10}, be a reference t o the j-th standard recall level 
(i.e., r-5 is a reference to the recall level 50%) . Then, 

(3.4) 
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Figure 3.3 Interpolated precision at 11 standard recall levels relative to Rq 

{ d3, d56, d120 }. 

which states that the interpolated precision at the j-th standard recall level is 
the maximum known precision at any recall level between the j-th recall level 
and the (.j + 1 )-th recF11l level. 

In our last example, this interpolation rule yields the precision and recall 
figures illustrated in Figure 3.3. At recall levels 0%, 10%, 20%, and 30%, the 
interpolated precision is equal to 33.3% (which is the known precision at the recall 
level 33.3%). At recall levels 40%: 50%, and 60%, the interpolated precision is 
25% (which is the precision at the recall level 66.6%). At recall levels 70%, 80%, 
90%, and 100%: the interpolated precision is 20% (which is the precision at recall 
level 100%). 

The curve of precision versus recall which results from averaging the results 
for various queries is usually referred to as precision versus recall figures. Such 
average figures are normally used to compare the retrieval performance of distinct 
retrieval algorithms. For instance, one could compare the retrieval performance 
of a newly proposed retrieval algorithm with the retrieval performance of the 
classic vector space model. Figure 3.4 illustrates average precision versus recall 
figures for two distinct retrieval algorithms. In this case, one algorithm has 
higher precision at lower recall levels while the second algorithm is superior at 
higher recall levels. 

One additional approach is to compute average precision at given document 
cutoff values. For instance, we can compute tllf~ average precision when 5, 10, 
15, 20, 30, 50, or 100 relevant documents have been seen. The procedure is 
analogous to the computation of average precision at 11 standard recall levels 
but provides additional information on the retrieval performance of the ranking 
algorithm. 

Average precision versus recall figures are now a standard evaluation strat­
egy for information retrieval systems and are used extensively in the informa­
tion retrieval literature. They arc useful because they allow us to evaluate 
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Figure 3 .4 Average recall versus precision figures for two distinct retrieval algo­
rithms. 

quantita.tively both the quality of the overall answer set and the breadth of the 
retrieval algorithm. Further, they are simple, intuitive, and can be combined in 
a single curve. However, precision versus recall figures also have their disadvan­
tages and their widespread usage has been criticized in the literature. We return 
to this point later on. Before that: let us discuss techniques for summarizing 
precision versus recall figures by a single numerical value. 

Single Value Summaries 

Average precision versus recall figures are useful for comparing the retrieval per­
formance of distinct retrieval algorithms over a set of example queries. However, 
there are situations in which we would like to compare the retrieval performance 
of our retrieval algorithms for the individual queries. The reasons are twofold. 
First, averaging precision over many queries might disguise important anoma­
lies in the retrieval algorithms under study. Second, when comparing two algo­
rithms, we might be interested in investigating whether one of them outperforms 
the other for each query in a given set of example queries (notice that this fact 
can be easily hidden by an average precision computation). In these situations1 

a single precision value (for each query) can be m,ed. This single value should 
be interpreted a.s a summary of t he corresponding precision versus recall curve. 
Usually, this single value summary is taken as the precision at a specified recall 
level. For instance, we could evaluate the precision when we observe the first rel­
evant document and take this precision as the single value summary. Of course, 
as seems obvious, this is not a good approach. More interesting strategies can 
be adopted as we now discuss. 



80 RETRIEVAL EVALUATION 

Average Precision at Seen Relevant Documents 
The idea here is to generate a single value summary of the ranking by averag­
ing the precision figures obtained after each new relevant document is observed 
(in Lhe ranking). For instance, consider the example in FigurP. :3.2. The prer:i­
sion figures after each new relevant document is observed are 1, 0.66, 0.5, 0.4, 
and 0.3. Thus, the avemge precis'ion al seen relevanl documenls is given by 
(1 +0.66+0.5+0.4+0.3)/5 or 0.57. This measure favors systems which retrieve 
relevc:mt document::; quickly (i.e., early in lhe ranking). Of course, an algorithm 
might present a good average precision at seen relevant documents but have a 
poor performance in terms of overall recall. 

R-Precision 
The idea here is to generate a single value summary of the ranking by computing 
the precision at the R-th position in the ranking, where R is the total number 
of relevant documents for the current query (i.e., munLer of documents in the 
set Rq), For instance, consider the examples in Figures 3.2 and 3.3. The value 
of R-precision is 0.4 for the first example (because R = 10 and there are four 
relevant documents among the first ten docunlents in the ranking) and 0.33 for 
the second example (because R = 3 and there is one relevant document among 
the first three documents in the ranking). The R-precision measure is a. useful 
parameter for observing the behavior of an algorithm for each individual query 
in an experiment. Additionally: one can also compute an average R-predsion 
figure over all queries. However, using a single number to summarize the full 
behavior of a retrieval algorithm over several queries might be quite imprecise. 

Precision Histograms 
The R-precision measures for several queries can be used to compare the retrieval 
history of two algorithms c1s follows. Let RP,1(i) c1,nd RPB(i) be the R-precision 
values of the retrieval algorithms A ctll(l B for the i-th query. Define, for instance, 
the difference 

(3.5) 

A value of RPAjll(i) equal Lo 0 indicates Lhat boLh algorithms have equivalent 
performance (in terms of R-precision) for the i-th query. A positive value of 
RPA; B ('i) indicates a better retrieval performance by algorithm A ( for the i­
th query) while a negative value indicates a better retrieval performance by 
algorithm B. Figure 3.5 illustrates the RI'A;n(i) values (labeled fl-Precision 
A/B) for two hypothetical retrieval algorithms over ten example queries. The 
algorithm A is superior for eight queries while the algorithm B performs better 
for the two other qneries (numbered 4 and 5). This type of bar graph is called a 
precision histogram and allo'NS us to quickly compare the retrieval performance 
history of two algorithms through visual inspection. 

Summary Table Statistics 
Single value measures can also be stored in a Lable to provide a statbtical sum­
mary regarding the set of all the queries in a retrieval task. For instance, t hese 
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Figure 3.5 A precision histogram for ten hypothetical queries. 

summary table statistics could include: the number of queries used in the task, 
the total number of documents retrieved by all queries, the total number of rele­
vant documents which were effectively retrieved when all queries are considered, 
the total number of relevant documents which could have been retrieved by all 
queries, etc_ 

Precision and Recall Appropriateness 

Precision and recall have been used extensively to evaluate the retrieval perfor­
mance of retrieval algorithms. However, a more careful reflection reveals prob­
lems with these two measures [451, 664, 754]- First, the proper estimation of 
maximum recall for a query requires detailed knowledge of all the documents 
in the collection. With large collections, such knowledge is unavailable which 
implies that recall cannot be estimated precisely. Second, recall and precision 
are related measures which capture different aspects of the set of retrieved doc­
uments. In many situations, the use of a single measure which combines recall 
and precision could be more appropriate. Third, recall and precision measure 
the effectiveness over a set of queries processed in batch mode. However, with 
modern systems, interactivity ( and not batch processing) is the key aspect of 
the retrieval process. Thus, measures which quantify the ·informativeness of the 
retrieval process might now be more appropriate. Fourth, recall and precision 
are easy to de.fine when a linear ordering of the retrieved documents is enforced. 
For systems which require a weak ordering though, recall and precision might be 
inadequate. 
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3.2.2 Alternative Measures 

Since recall and precision, despite their popularity, are not always the most 
appropriate measures for evaluating retrieval performance, alternative measures 
have been proposed over the years. A brief review of some of them is as follows. 

The Harmonic Mean 

As discussed above, a single measure which combines recall and precision might 
be of interest. One such measure is the harmonic mean F of recall and preci­
sion [422] which is computed as 

2 
F(j) = -1--1-

-...L--
r(j) • P(.j) 

(3.6) 

where r(j) is the recall for the j-th document in the ranking, P(j ) is the precision 
for the j-th document in the ranking, and F(j) is the harmonic mean of r(j) 
and P(.j) (thus, relative to the j-th document in the ranking). The function F 
assumes values in the interval [O, J]. It is O when no relevant documents have 
been retrieved and is 1 when all ranked documents arc relevant. Further, the 
harmonic mean F assumes a high value only when both recall and precision are 
high. Therefore, determination of the maximum value for F can be interpreted 
as an attempt to find the best possible compromise between recall and precision. 

The E Measure 

Another measure which combines recall and precision was proposed by van Ri­
jsbergen [785] and is called the E evaluation measure. The i<lea. is to allow the 
user to specify whether he is more interested in recall or in precision. The E 
measure is defined as follows. 

1 + b2 

E(j) = l - b2 1 
r(j) + P(j) 

where r(j) is the recall for the j -th document in the ranking, P(j) is the precision 
for the j-th document in the ranking, E(j) is the E evaluation measure relative 
to r(j) and P(j), and b is a user specified parameter which reflects the relative 
importance of recall and precision. For b = l , the E(j) measure works as the 
complement of the harmonic mean F(j). Values of b greater than 1 indicate that 
the user is more interested in precision than in recall while values of b smaller 
than 1 indicate that the user is more interested in recall than in precision. 
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User-Oriented Measures 

Recall and precision are based on the assumption that the set of relevant docu­
ments for a. query is the same, independent of the useL However, different users 
might have a different interpretation of which document is relevant and which one 
is not. To cope with this problem, user-oriented measures have been proposed 
such as coverage ratio, novelty ratio, relative recall, and recall effort [451]. 

As before, consider a reference collection, an example information request 
I, and a retrieval strategy to be evaluated. Let R be the set of relevant documents 
for J and A be the answer set retrieved. Also, let Ube the subset of R which is 
known to the user. The number of documents in U is I UI. The intersection of 
the sets A and U yields the documents known to the user to be relevant which 
were retrieved. Let I Rkl be the number of documents in this set. Further, let 
fRuf be the number of relevant documents previously unknown to the user which 
were retrieved. Figure 3.6 illustrates the situation. The coverage ratio is defined 
as the fraction of the documents known (to the user) to be relevant which has 
actually been retrieved i.e., 

IRkl 
coverage= 7uT 

The novelty ratfo is defined as the fraction of the relevant documents retrieved 
which was unknown to the user i.e., 

fRuf 
novelty= IRul + IRkl 

A high coverage ratio indicates that the system is finding most of the relevant 
documents the user expected to see. A high novelty ratio indicates that the 
system is revealing (to the user) many new relevant documents which were pre­
viously unknown. 

Relevant Docs 
known to the User 

IUI 

Relevant Docs 
known to the User 

which were retrieved 
IRkl 

Answer Set 
IAI 

Relevant Docs 
previously unknown to the 
User which were retrieved 

JRul 

Figure 3.6 Coverage and novelty ratios for a given example information request. 
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Additionally, two other measures can be defined as follows. The relative 
recall is given by the ratio between the number of relevant documents found (by 
the sy8tern) and the number of relevant documents the m;er expected to find. 
In the case when Lhe user finds as many relevant documents as he expected, he 
stops searching and the relative recall is eqnal to 1. The recall effort is given 
by the ratio between the number of relevant documents the user expected to 
find and the number of documents examined in an attempt to find the expected 
relevant documents. 

Other Measures 

Other measures which might be of interest include the ei:pected search length, 
which is good for dealing with sets of documents v,rcakly ordered, the satisfaction, 
which takes into account only the relevant documents, and the frnstration, which 
takes into account only the non-relevant documents [451]. 

3.3 Reference Collections 

In this section we discuss various reference collections which have been used 
throughout the years for the evaluation of information retrieval systems. \Ve 
first di8CU8S the TIPSTER/TilEC collection which, due to its large size and thor­
ough experimentation, is usually considered to be the reference test collection 
in information retrieval nowadays. Following that, we cover the CACM and ISI 
collections due to their historical importance in the area of informat ion retrieval. 
\Ve conclude this section with a brief discussion of the CysLic Fibrosis collection. 
It is a small collection whose example information requests were extensively stud­
ied by four groups of specialists before generation of the relevant document sets. 

3.3.1 The TREC Collection 

Research in information retrieval has frequently been criticized on two fronts. 
First, that it lacks a solid formal framework as a basic foundation. Second, 
that it lacks robust and consistent testbeds and benchmarks. The first of these 
criticisms is difficult to dismiss entirely due to the inherent degree of psycho­
logical su~jectiveness associated with the task of deciding on the relevance of a 
given document (which characterizes information, as opposed to data, retrieval). 
Thus, at least for now, research in information retrieval will have to proceed 
without a solid formal underpinning. The second of these criticisms, however, 
can be acted upon. For three decades, experimentation in information retrieval 
was based on relatively small test collections \vhich did not reflect the main 
issues present in a large bibliographical environment. Further, comparisons be­
tween various retrieval systems were difficult Lo make because distinct group8 
conducted experiments focused on distinct aspects of retrieval ( even when the 
same test collection was used) and there were no widely accepted benchmarks. 
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In the early 1990s, a reaction to this state of disarray was initiated under the 
leadership of Donna Harman at the National Institute of Standards and Tech­
nology (NIST), in Maryland. Such an effort consisted of promoting a yearly 
conference, named TREC for Text REtrieval Conference, dedicated to experi­
mentation with a large test collection comprising over a million documents. For 
each TREC conference, a set of reference experiments is designed. The research 
groups which participate in the conference use these reference experiments for 
comparing their retrieval systems. 

A clear statement of the purpose of the TREC conferences can be found in 
the NIST TREC Web site [768) and reads as follows. 

The TREC conference series is co-sponsored by the National Institute 
of Standards and Technology (NIST) and the Information Technology 
Office of the Defense Advanced Research Projects Agency (DARPA) 
as part of the TIPSTER Text Program. The goal of the conference 
series is to encourage research in information retrieval from large text 
applications by providing a large test collection, uniform scoring pro­
cedures, and a forum for organizations interested in comparing their 
results. Attendance at TREC conferences is restricted to those re­
searchers and developers who have performed the TREC retrieval 
tasks and to selected government personnel from sponsoring agen­
cies. 
Participants in a TREC conference employ a wide variety of retrieval 
techniques, including methods using automatic thesauri, sophisti­
cated term weighting, natural language techniques, relevance feed­
back, and advanced pattern matching. Each system works with the 
same test collection that consists of about 2 gigabytes of text ( over 1 
million documents) and a given set of information needs called 'top­
ics.' Results are run through a common evaluation package so that 
groups can compare the effectiveness of different techniques and can 
determine how differences between systems affect performance. 

Since the collection was built under the TIPSTER. program, it is frequently 
referred to as the TIPSTER or the TIPSTER./TREC test collection. Here, 
however , for simplicity we refer to it as the TREC collection. 

The first TREC conference was held at NIST in November 1992, while the 
second TREC conference occurred in August 1993. In November 1997, the sixth 
TREC conference was held ( also at NIST) and counted the following participat­
ing organizations ( extracted from [794]): 

Apple Computer 
AT&T Labs Research 
Australian National Univ. 
Carnegie Mellon Univ. 
CEA (France) 
Center for Inf. Res., Russia 

City Univ., London 
CLARITECH Corporation 
Cornell Univ./SaBIR Research, Inc. 
CSIRO (Australia) 
Daimler Benz Res. Center, Ulm 
Dublin Univ. Center 
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Duke Univ./Univ. of Colora<lo/Belkore 
ETH (Switzerland) 
FS Consulting, Inc. 
GE Corp./Rutgers Univ. 
George Mason Univ./NCR Corp. 
Harris Corp. 
IBM T.J. 'Watson Iles. (2 groups) 
ISS (Singapore) 
ITI (Singapore) 
APL, Johns Hopkins Univ. 
LEXIS-NEXIS 
MDS at R.MIT, Australia 
MIT /IBM Almaden Res. Center 
MS I/IR.IT /l~niv. Toulonsr, 
NEC Corporation 
New l\11exico State 'C'niv. (2 groups) 
NSA (Speech Research Group) 
Open TexL Corporation 

Oregon Health Sciences Univ. 
Queens College, CUNY 
Rutgers Univ. (2 groups) 
Siemens AG 
SR.I International 
TwentyOne 
Univ. California, Berkeley 
Univ. California, San Diego 
Univ. Glasgow 
Univ. Maryland, College Park 
Univ. Massachusetts, Amherst 
Univ. Montreal 
Univ. North Carolina (2 groups) 
Univ. Sheffield/ Univ. Cambridge 
Univ. ·waterloo 
Verity, Inc. 
Xerox Res. Centre Europe 

The seventh TREC conference was held again at NIST in November of 1998. 
In the following, we briefly discuss the TREC document collection and the 

(benchmark) tasks at the TR8C conferences. As with most test collections> 
the TREC collection is composed of three parts: the documents, the example 
information requests (called top,ics in the TREC nomenclature) , and a set of 
relevant documents for each example information request. Further> the TREC 
conferences also include a set of tasks to be used as a benchmark. 

The Document Collection 

The TR.EC collection has been growing steadily over the yenrs. At TREC-3, 
the collection size was roughly 2 gigabytes while at TREC-6 it had g;one up to 
roughly 5.8 gigabytes. In the beginning> copyright restrictions prevented free 
distribution of the collection and, as a result, the distribution CD-RO~1 disks 
had to he bought. In 1998, however, an arrangement was made which allows 
free access to the documents used in the most recent TREC conferences. As a 
result, TREC disk 4 and TREC disk 5 are nov,r available from :UST at a small 
fee (US$200 in 1998) to cover distribution costs. Information on hmv to obtain 
the collection (which comes with the disks) and the topics with their relevant 
document sets (which have to be retrieved through the network) can be obtained 
directly from the NIST TREC Web site [768]. 

The TREC collection is distributed in six CD-ROM disks of roughly 1 giga­
byte of compressed text each. The documents come from the following sonrces: 

WSJ ---+ Wall Street Journal 
AP ---+ Associated Press (news wire) 
ZIFF ---+ Computer Selects (articles), Ziff-Davis 
FR ---+ Federal Register 
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DOE -+ US DOE Publications (abstracts) 
SJMN -+ San Jose Mercury News 
PAT -+ US Patents 
FT -+ Financial Times 
CR -+ Congressional Record 
FBIS -+ Foreign Broadcast Information Service 
LAT - LA Times 

Table 3.1 illustrates the contents of each disk and some simple statistics regarding 
the collection (extracted from [794]). Documents from all subcollections are 

Disk Contents Size Number lVords/ Doc. Words/Doc. 
Mb Docs {median) (mean) 

1 WSJ, 1987-1989 267 98,732 245 434.0 
AP, 1989 254 84,678 446 473.9 
ZIFF 242 75,180 200 473.0 
FR, 1989 260 25,960 391 1315.9 
DOE 184 226,087 111 120.4 

2 WSJ, 1990-1992 242 74,520 301 508.4 
AP, 1988 237 79,919 438 468.7 
ZIFF 175 56,920 182 451.9 
FR, 1988 209 19,860 396 1378.1 

3 SJMN, 1991 287 90,257 379 453.0 
AP, 1990 237 78,321 451 478.4 
ZIFF 345 161,021 122 295.4 
PAT, 1993 243 6,711 4,445 5391.0 

4 FT, 1991-1994 564 210,158 316 412.7 
FR, 1994 395 55,630 588 644.7 
CR, 1993 235 27,922 288 1373.5 

5 FBIS 470 130,471 322 543.6 
LAT 475 131,896 351 526.5 

6 FBIS 490 120,653 348 581.3 

Table 3.1 Document collection used at TREC-6. Stopwords are not removed and no 
stemming is performed (see Chapter 7 for details on stemming) . 

tagged \\rith SGML (see Chapter 6) to allow easy parsing (which implies simple 
coding for the groups participating at TREC conferences). Major strnctures 
such as a field for the document number (identified by <DOCNO>) and a field 
for the document text (idenUfied by <TEXT>) are common to all documents. 
Minor structures might be different across subcollections to preserve parts of the 
structure in the original document. This has been the philosophy for formatting 
decisions at NIST: preserve as much of the original structure as possible while 
providing a common framework which allows simple decoding of the data. 

An example of a TREC document is the document numbered 880406-0090 
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<doc> 

<docno> WSJ880406-0090 </docno> 
< hl> AT&T Unveils Services to Upgrade Phone Net works Under 
Global Plan </hl> 
< author> J anet Guyon (\NSJ Staff) </author> 
< dateline> New York </dateline> 

<text> 
American Telephone & Telegraph Co. introduced t he first of a. ne\v 
generation of phone services with broad .. . 
</text> 

</doc> 

Figure 3. 7 TREC document numbered \VSJ880406-0090. 

in the ·wall Street Journal subcollection whid1 is shown in Figure 3. 7 ( extracted 
from [312]) . Further details on the TREC document collection can be obtained 
from [794, 768]. 

The Example Information Requests (Topics) 

The TREC collection includes a set of example information requests which can 
be used for testing a new ranking algorithm. Each request is a description of 
an informaLion need in natural language. In the TREC nomenclature, each test 
iuforrnation request is referred to a8 a topic. An example of an information re­
quest in TREC is the topic numbered 168 (prepared for the TREC-3 conference) 
which is illustrated in F igure 3.8 (extracted from [342]). 

The t ask of converting an information request (topic) into a system query 
(i.e., a set of index terms, a Boolean expression, a fuzzy expression, etc.) must 
be done by the system itself and is considered to be an integral part of the 
evaluation procedure. 

The number of topics prepared for the first six TREC conferences goes up to 
350. The topics numbered 1 to 150 were prepared for use with the TREC-1 and 
TREC-2 conferences. They were written by people who were experienced users 
of real systems and represented long-standing information needs. The topics 
numbered 151 to 200 were prepared for use with the TREC-3 conference, are 
8horter, and have a simpler 8tructure which includes only three subfields (named 
Title, Description, and NarraLive as illustrated in the topic 168 above). The 
topics numbered 201 to 250 were prepared for use with the TREC-4 conference 
and are even shorter. At the TREC-5 (which included topics 251-300) and 
TREC-6 (which included topics 301-350) conferences, the topics were prepared 
with a composition similar to the topics in TREC-3 (i.e., they were expanded 
with respect to the topics in TREC-4 which were considered to be too short). 
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<top> 

<num> Number: 168 
<title> Topic: Financing AMTRAK 

<desc> Description: 
A document will address the role of the Federal Government in 
financing the operation of the National Railroad Transportation Cor­
poration (AMTRAK). 

<narr> Narrative: A relevant document must provide information on 
the government's responsibility to make AMTRAK an economically 
viable entity. Tt could also discuss the privatization of AMTRAK as 
an alternative to continuing government subsidies. Documents com­
paring government subsidies given to air and bus transportation with 
I.hose provided to AMTRAK would also be relevant. 

</top> 

Figure 3.8 Topic numbered 168 in the TREC collection. 

The Relevant Documents for Each Example Information Request 

At the TREC conferences, the set of relevant documents for each example infor­
mation request (topic) is obtained from a pool of possible relevant documents. 
This pool is created by taking the top K documents (usually, K = 100) in the 
rankings generated by the various participating retrieval systems. The docu­
ments in the pool a.re then shown to human assessors who ultimately decide on 
the relevance of each document. 

This technique for assessing relevance is called the pooling method [794] 
and is based on two assumptions. First, that the vast majority of the relevant 
documents is collected in the assembled pool. Second, that the documents which 
are not in the pool can be considered to be not relevant. Both assumptions have 
been verified to be accurate in tests done at the TREC conferences. A detailed 
description of these relevance assessments can be found in [342, 794]. 

The (Benchmark) Tasks at the TREC Conferences 

The TREC conferences include two main information retrieval tasks [342]. In 
the first: called ad hoc task, a set of new ( conventional) requests are run against 
a fixed document database. This is the situation which normally occurs in a 
library where a user is asking new queries against a set of static documents. In 
the second, called routing task, a set of fixed requests are run against a database 
whose documents are continually changing. This is like a filtering task in which 
the same questions arc always being asked against a set of dynamic documents 
(for instance, news clipping services). Unlike a pure filtering task, however, the 
retrieved documents must be ranked. 
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For the ad hoc task, the participant sysLems receive the test information 
requests and execute them on a pre-specified documenL colJecLion. For the rout­
ing ta.5k, the participant systems receive the test informat ion requests and two 
distinct document collect ions. The first collection is used for training and allows 
the tuning of the retrieval algorithm. The second collection is used for testing 
the tuned retrieval algorithm. 

Starting at the TREC-4 conference, new secondary tasks, besides the ad 
hoc and routing tasks, were introduced with the purpose of allowing more specific 
comparisons among the various systems. At TREC-6, eight (specific) secondary 
tasks were added in as follows. 

• Chinese Ad hoc task in which both the documents and the topics are in 
Chinese. 

• Filtering Routing task in which t he retrieval algorithm has only to decide 
whether a new incoming document is relevant (in which case it is taken) 
or not (in which case it is discarded). Ko ranking of the documents t aken 
needs to be provided. The test data (incoming documents) is processed in 
time-stamp order. 

• Interactive Task in which a human searcher interacts with the retrieval 
system to determine the relevant documents. Documents are ruled relevant 
or not relevant (i.e., no ranking is provided). 

• NLP Task aimed at verifying whether retrieval algorithms ba.5ed on natu­
ral language processing offer advantages when compared to t he more tra­
dit.ional retrieval algorithms based on index terms. 

• Cross languages Ad hoc task in which the documents are in one language 
but the topics are in a diffeTent language. 

• High precision Task in which the user of a retrieval system is asked 
to retrieve ten documents that answer a given ( and previously unknmvn) 
information request within five minutes ( wall clock time). 

• Spoken docurnent retrieval Task in which the documents are written 
transcripts of radio broadcast news shows. Intended to stimulate research 
on retrieval techniques for spoken documents. 

• Very large corpus Ad hoc task in which the retrieval systems have to 
deal ,vith collections of size 20 gigabytes (7.5 million documents). 

For TREC-7, the NLP and the Chinese secondary tasks were discontinued. Addi­
tionally, the routing task was retired as a main t ask because there is a consensus 
that the filtering task is a more realistic type of routing task. TREC-7 also in­
cluded a nev,r task called Q'uery Task in which several distinct query versions were 
created for each example information request [794]. The main goal of this task 
is to allow investigation of query-dependent retrieval strategies, a well known 
problem with the TR.EC collection due to the sparsity of the given information 
requests (which present very little overlap) used in past TREC conferences. 
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Besides providing detailed descriptions of the tasks to be executed, the 
TREC conferences also make a clear distinction between two basic techniques 
for transforming the information requests ( which are in natural language) into 
query statements (which might be in vector form, in Boolean form, etc.). In the 
TREC-6 conference, the allowable query construction methods were divided into 
automatic methods, in which the queries were derived completely automatically 
from the test information requests, and manual methods, in which the queries 
were derived using any means other than the fully automatic method [794]. 

Evaluation Measures at the TREC Conferences 

At the TREC conferences, four basic types of evaluation measures are used: 
summary table statistics, recall-precision averages, document level averages, and 
average precision histograms. Briefly, these measures can be described as follows 
(see further details on these measures in Section 3.2). 

• Summary table statistics Consists of a table which summarizes statistics 
relative to a given task. The statistics included are: the number of topics 
(information requests) used in the task, the number of documents retrieved 
over all topics, the number of relevant documents which were effectively 
retrieved for all topics, and the number of relevant documents which could 
have been retrieved for all topics. 

• Recall-precision averages Consists of a table or graph with average 
precision (over all topics) at 11 standard recall levels. Since the recall 
levels of the individual queries are seldom equal to the standard recall 
levels, interpolation is used to define the precision at the standard recall 
levels. Further, a non-interpolated average precision over seen relevant 
documents (and over all topics) might be included. 

• Document level averages In this case, average precision ( over all topics) 
is computed at specified document cutoff values (instead of standard recall 
levels). For instance, t he average precision might be computed when 5, 
10, 20, 100 relevant documents have been seen. Further, the average R­
precision value ( over all queries) might also be provided. 

• Average precision histogram Consists of a graph which includes a single 
measure for each separate topic. This measure (for a topic ti) is given, for 
instance, by the difference between the R-precision (for topic ti) for a target 
retrieval algorithm and the average R-precision (for topic ti) computed from 
the results of all participating retrieval systems. 

3.3.2 The CACM and ISi Collections 

The TREC collection is a large collection which requires time consuming prepa­
ration before experiments can be carried out effectively at a local site. Further, 
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tlrn testing itself is also time consuming and requires much more effort than that 
required to execute the testing in a small collection. For groups who are not 
interested in making this investment, an alternative approach is to use a smaller 
test collection which can be installed and experimented with in a much shorter 
time. Further, a. small collection might include features which are not present 
in the larger TREC collection. For instance, it is well known that the example 
information requests at TREC present very little overlap among themselves and 
thus are not very useful for investigating the impact of techniques which take 
advantage of information derived from dependencies between the current and 
past user queries ( an issue which received attention at the TREC-7 conference). 
Further, the TRBC collection does not provide good support for experimenting 
with algorithms which combine distinct evidential sources (such as co-citations, 
bibliographic coupling, etc.) to generate a ranking. In these situations, alterna­
tive ( and smaller) test collections might be more appropriate. 

For the experimental studies in [271], five different (small) test collections 
were developed: ADI (documents on information science), CAC::VI, INSPEC (ab­
stracts on electronics, computer, and physics), ISI, and Medlars (medical arti­
cles). In this section v-.rc cover two of them in detail: the CACM and the ISI test 
collections. Our discussion is based on the work by Fox [272]. 

The CACM Collection 

The documents in the CACM test collection consist of all the 3204 articles pub­
lished in the Communications of the A CM from the first issue in 1958 to the 
last nwnber of 1979. Those documents cover a considerable range of computer 
science literature due to the fact that the CACM served for many years as the 
premier periodical in the field. 

Besides the text of the documents, the collection also includes information 
on structured subfields ( called concr,pts hy Fox) as follows: 

• author names 

• date information 

• word stems from the title and abstract sections 

• categories derived from a hierarchical classification scheme 

• direct references between articles 

• bibliographic coupling connections 

• number of co-citations for each pair of articles. 

The subfields 'author names' and 'date information' provide information on au­
thors and date of publication. The subfield 'word stems' provides, for each 
document, a list of indexing terms (from the title and abstract sections) which 
have been stemmed (i.e. , reduced to their grammatical roots as explained in 
Chapter 7). The subfield 'categories' assigns a list of classification categories 
(from the Computing Reviews category scheme) to each document. Since the 
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categories are fairly broad, the number of categories for any given document is 
usually smaller than five. The subfield 'dired references' provides a list of pairs 
of documents [da,db] in which each pair identifies a document da which includes a 
direct reference to a document db, The subfield 'bibliographic coupling' provides 
a list of triples [d1 ,d2;ncited] in which the documents d1 and d2 both include a 
direct reference to a same third document dj and the factor ncited counts the 
number of documents dj cited by both d1 and d2 . The subfield 'co-citations' 
provides a list of triples [d1 ,d2,ncihng] in which the documents d1 and d2 are 
both cited by a same third document dJ and the factor nciting counts the uum­
ber of documents dj citing both d1 and d2 . Thus, the CACM collection provides 
a unique environment for testing retrieval algorithms which are based on infor­
mation derived from cross-citing patterns -- a topic which has attracted much 
attention in the past. 

The CACM collection also includes a set of 52 test information requests. 
For instance, the information request numbered 1 reads as follows. 

What articles exist which deal with TSS (Time Sharing System), an 
operating system for IBM computers? 

For each information request, the collection also includes two Boolean query 
formulations and a set of relevant documents. Since the information requests are 
fairly specific, the average number of relevant documents for each information 
request is sma.11 and around 15. As a result , precision and recall figures tend to 
below. 

The ISi Collection 

The 1460 documents in the ISI (often referrer! to as CISI) test collection were 
selected from a previous collection assembled by Small [731] at the Institute of 
Scientific Information (ISI). The documents selected ( which are about informa­
tion sciences) wern those most cited in a cross-citation study done by Small. The 
main purpose of Lhe ISi collection is to support investigation of similarities based 
on terms and on cross-citation patterns. 

The documents in the ISI collection include three types of subfields as 
follows. 

• author names 

• word sterns from the title and abstract sections 

• number of co-citations for each pair of articles. 

The meaning of each of these subfields is as in the CACM collection. 
The ISi collection includes a total of 35 t est information requests (in nat­

ural language) for which there are Boolean query formulations. It also includes 
41 additional test information requests for which there is no Boolean query for­
mulation (only the version in natural language). The information requests are 
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fairly general ,vhich resulted in a larger number of relevant documents to each 
request (around 50). However, many of these relevant documents have no terms 
in common with the information requests which implies that precision and recall 
figures tend to be low. 

Statistics for the CACM and ISi Collections 

Tables 3.2 and 3.3 provide comparative summary statistics for the CACM and 
the ISI test collections. 

Collection Num. Docs Num. Terms Terms/Docs. 
CACM 
ISI 

3204 
1460 

10,446 
7392 

40.1 
104.9 

Table 3.2 Document statistics for the CACM and ISi collections. 

Collection Number Terms Relevants Relevants 
Queries per Query per Query in Top 10 

CACM 52 11.4 15.3 1.9 
ISI 35 & 76 8.1 49.8 1.7 

Table 3.3 Query statistics for the CACM and ISi collections. 

vVe notice that, compared to the size of the collection, the ISI collection 
has a much higher percentage of relevant documents per query (3.4%) than the 
CACM collection (0.5%). However, as already discussed, many of the relevant 
documents in the ISI collection have no terms in common with the respective 
information requests which usually yields low precision. 

Related Test Collections 

At the Virginia Polytechnic Institute and State University, Fox has assembled 
together nine small test collections in a CD-ROM. These test collections have 
sizes comparable to those of the CACM and ISI collections, but include their own 
particularities. Since they have been used throughout the years for evaluation 
of information retrieval systems, they provide a good setting for the preliminary 
testing of information retrieval algorithms. A list of these nine test collections 
is provided in Table 3.4. 

3.3.3 The Cystic Fibrosis Collection 

The cystic fibrosis (CF) collection [721] is composed of 1239 documents indexed 
with the term 'cystic fibrosis' in the National Library of Medicine's MEDLINE 
database. Each document contains the following fields: 
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Collec-tion Subject Num. Docs Num. Queries 
ADI Information Science 82 35 
CACM Computer Science 3200 64 
ISI Library Science 1460 76 
CRAN Aeronautics 1400 225 
LISA Library Science 6004 35 
MED Medicine 1033 30 
l\1LM Medicine 3078 155 
NPL Elec. Engineering 11,429 100 
TIME General Articles 423 83 

Table 3.4 Test collections related to the CACM and ISI collections. 

• MEDLINE accession number 

• author 

• title 

• source 

• major subjects 

• minor subjects 

• abstract ( or extract) 

• references 

• citations. 

The collection also includes 100 information requests (generated by an expert 
with two decades of clinical and research experience with cystic fibrosis) and 
the documents relevant to each query. Further, 4 separate relevance scores are 
provided for each relevant document. These relevance scores can be 0 (which 
indicates non-relevance), 1 (which indicates marginal relevance), and 2 (which 
indicates high relevance). Thus, the overall relevance score for a document ( rel­
ative to a given query) varies from 0 to 8. Three of the relevance scores were 
provided by subject experts while the fourth relevance score was provided by a 
medical bibliographer. 

Table 3.5 provides some statistics regarding the information requests in the 
CF collection. We notice that the number of queries with at least one relevant 
document is close to the total number of queries in the collection. Further, 
for various relevance thresholds (the minimum value of relevance score used to 
characterize relevance), the average number of relevant documents per query is 
between 10 and 30. 

The CF collection, despite its small size, has two important characteris­
tics. First, its set of relevance scores was generated directly by human experts 
through a careful evaluation strategy. Second, it includes a good number of in­
formation requests (relative to the collection size) and, as a result, the respective 
query vectors present overlap among themselves. This allows experimentation 



96 RETRIEVAL EVALUATIOK 

Relevance Queries _Min. Nurn. A1ax:. Num. Avg. Num. 
Threshold At Least 1 Rel. Docs Rel. Docs Rel. Docs 

Rel. Doc 
1 100 2 189 31.9 
2 100 1 130 18.1 
3 99 1 119 14.9 
4 99 1 114 14.1 
5 99 1 93 10.7 
6 !)4 1 53 6.4 

Table 3.5 Summary statistics for the information requests in the GP collection. 

with retrieval strategies which take advantage of past query sessions to improve 
retrieval performance. 

3.4 Trends and Research Issues 

A major tnmd today is research in interactive user interfaces. The motivation is 
a general belief that effective retrieval is highly dependent on obtaining proper 
feedback from the user. Thus, evaluation studies of interactive interfaces will 
tend to become more common in the near future. The main issues revolve around 
deciding which evaluation measures are most appropriate in this scenario. A 
typical example is the informativeness measure [7,54j introduce<l in 1992. 

Furthermore, the proposal, the study, and the characterization of alterna­
tive measures to recall and precision, such as the harmonic mean and the E 
mea:::;ures, continue to be of intere8t. 

3.5 Bibliographic Discussion 

A nice chapter on retrieval performance evaluation appeared in the book by 
Salton and McGill [698]. Even if outdated, it is still interesting reading. The 
book by Kborfage [451] also includes a full chapter on retrieval evaluation. A 
recent paper by Mizzaro [569] presents a very complete survey of relevance studies 
throughout the years. About 160 papers are discussed in this pa.per. 

Two recent papers by Shaw, Burgin, and Rowel [422, 423] discuss standards 
and evaluations in test collections for cluster-based and vector-based retrieval 
models. These papers also discuss the advantages of the harmonic mean ( of 
recall and precision) as a single alternative measure for recall and precision. 
Problems with recall and precision related to systems whid1 require a weak 
document ordering are discussed by Raghavan, Ballmann, and Jung [664, 663]. 
Tague-Sutcliffe proposes a measure of informativeness for evaluating interactive 
user sessions [754]. 
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Our discussion of the TREC collection is based on the papers by Har­
man [342] and by Vorhees and Harman [794]. The TREC collection is the most 
important reference collection nowadays for evaluation of complex information 
requests which execute on a large collection. Our coverage of the CACM and 
ISI collections is based on the work by Fox [272]. These collections a.re small) 
require short setup time, and provide a good environment for testing retrieval 
algorithms which are based on information derived from cross-citing patterns -
a topic which has attracted much attention in the past [94, 435, 694, 730, 732, 
809] and which might flourish again in the context of the '\i\Teb. The discussion on 
the Cystic Fibrosis (CF) collection is based on the work by Shaw, Wood, Wood, 
and Tibbo [721]. The CF collection is also small but includes a set of relevance 
scores carefully generated by human experts. Furthermore, its example infor­
mation requests present overlap among themselves which allows the testing of 
retrieval algorithms that take advantage of past user sessions to improve retrieval 
performance. 






