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4 INTRODUCTION

Retrigval

Browsing

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 systemn. With an information retrieval system,
this 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 reirieval 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 ‘24 Hours of L.e 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 engaped in. His task might be of two distinct
types: information or data retricval 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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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 inder. 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 fact, most librarics still usc some form of categorical hierarchy to classify
their volumes {or documents), as discussed in Chapter 14. Such hierarchies have
usually 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
problern which is much more related to the system itself than to the user need.






8 INTRODUCTION

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 pcople 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. Thus, 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-linc 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












12 INTRODUCTION

The part on applications of IR is composed of three interrelated topics:
The Web, Bibliographic Systems, and Digital Libraries. Techniques developed
for the first two applications support the deployvment 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.

1.6.2 Book Chapters

Figure 1.5 illustrates the overall structure of this bock. The reasoning which
yielded the chapters from 2 to 13 is as follows.

(G
|
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*T—'J Models &
Evaluation
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Query Lanpnapes | [ 4 Text Languapes 3
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(83 [l
Indexing & Searchinp |\.2/ |
. Elfickent
S, Processing
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[ -
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Digital Libraries

e P

R,

Figure 1.5  Structure of the book.

In the traditional keyword-based approach, the user specifies his informa-
tion need by providing sets of keywords and the information system retricves the
documents which best approximate the user query. Also, the information system
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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 voice, images, and other
binary data. Models and gquery languages for office and medical information
retrieval systems are covered in Chapter 11. Efficient indezing 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 Web 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 retricval 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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useful but not crucial. At the end, the system-oriented parts of the chap-
ters on Applications of TR, in particular those on Bibliographic Systems
and Digital Libraries, must be covered (this material can be complemented
with topics from {501]).

s Information Retrieval (Library Science, undergraduate): similar to the
previous course, but removing the more technical and advanced material of
Chapters 2, 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]).

e 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
reason (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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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 pcople 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, ACM 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.
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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
filtering. 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
these informatiorn, retrieval models.

Besides references to the text content, the model might also allow references
to the 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,
flat, 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 retrieval 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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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 fiitering.

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 those which might be of interest to this particular
user. For instance, this approach can be used to select a news article among
thousands of articles which are broadcast each day. Other potential scenarios
for the application of filtering include the sclection of preferred judicial decisions,
or the selection of articles from daily ncewspapers, cte.

Typically, the filtering task simply indicates to the user the documents
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 thc 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
(sce Chapter 3) but it is not popular.

Even if no ranking is presented to the user, the filtering task 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 modcl is usually preferred due to its simplicity. At this point, we
observe that filtering is rcally 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 o 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 uscr profiles have been proposed and here we briefly discuss a
couple of them.

A stimplistic 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 the keywords
which appropriately describe his preferences in that context. Furthermore, an
attermpt 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
uscr 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 nser provides a set of keywords which describe
an initial (and primitive) profile of his preferences. 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 thig
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

We 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 o quadruple [D,Q, F, R(g;,d;)/
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 docurnent representations, queries, and their
relationships.

(4) R(gi,d;) is a ranking function which associates o real number with a query
¢ € Q and a document representation d; € D. Such ranking defines an
ordering among the documents with regard to the query g;.

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
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If sim(d;,q) = 1 then the Boolean model predicts that the document d; is relevant
to the query q (it might not be). Otherwise, the prediction is that the document
15 not relevant.

The Boolean model predicts that each document is either relevant or non-
relevant. There is no notion of a partial maich to the query conditions. For
instance, let d; be a document for which d; = (0,1,0). Document d; includes
the index term &y but is considered non-relevant to the query [¢g = &k, A (ks V—bke))].
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 cffect is that the ranked document an-
swer sct 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 w; ; associated with a pair (ki, d;)
i3 positive and non-binary. Further, the inder lerms in the query are also
weighted. Let w; , be the weight associated with the pair [ks, q], where w;q > 0.

Then, the query vector ¢ is defined as § = (w1,q,Wa,q9,--.,Wt,q) Where t is the
total number of indez terms in the system. As before, the vector for a document
d; is represented by d; = (w1,j,Wa,5,.. ., Wt j)-

Therefore, a document d; and a user query ¢ 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 d; with regard to the query ¢ as the correlation

between the vectors rf_f, and §. This correlation can be quantified, for instance,
by the cosine of the angle between these two vectors. That is,

-
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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(k;|R) is constant for all index terms k; (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(kj|R) = 0.5

£ (kle) = N
where, as already defined, n; is the number of documents which contain the
index term k; and NV 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 7 is a previously defined threshold. Further, let V; be
the subset of V' composed of the documents in V' which contain the index term
k;. For simplicity, we also use V' and V; to refer to the number of elements 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(k;|R) and P(k;|R). This can be accomplished with
the following assumptions: (a) we can approximate P(k;|R) by the distribution
of the index term k; among the documents retrieved so far, and (b) we can
approximate P(k;|R) by considering that all the non-retrieved documents are
not relevant. With these assumptions, we can write,

Vi
PUiR) = %
" s —V;

This process can then be repeated recursively. By doing so, we are able to
improve on our guesses for the probabilities P(k;|R) and P(k;|R) 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(k;|R) and P(k;|R) pose problems for small values
of V and V; which arise in practice (such as V =1 and V; = 0). To circumvent
these problems, an adjustment factor is often added in which yields

Vi+0.5
PlklR) = 5=
P(k,lf_i) - ?’2'3;—-%4“0.5

N-V+1









36 MODELING

lationships). The basic idea is to expand the set of index terms in the query
with related terms (obtained from the thesaurus) such that additional relevant
documents (i.e., besides the ones which would be normally retrieved) can be re-
trieved by the user query. A thesaurus 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-
triz ¢ (called keyword connection matriz in [616]) whose rows and columns are
associated to the index terms in the document collection. In this matrix ¢, a
normalized correlation factor ¢;; between two terms k; and k; can be defined by

T,

Tt = Ty + Mg — T4 )
where n; is the number of documents which contain the term &;, ny is the number
of documents which contain the term k;, and n,; is the number of documents
which contain both terms. Such a correlation metric is quite common and has
been used extensively with clustering algorithms as detailed in Chapter 5.

We can use the term correlation matrix ¢ to define a fuzzy set associated to
each index term &;. In this fuzzy set, a document d; has a degree of membership
Mi; computed as

Hig = 1— H (1 . Ci,z)

ki € dy

which computes an algebraic sum (here implemented as the complement of a
negated algebraic product) over all terms in the document d;. A document d;
belongs to the fuzzy set associated to the term k; if its own terms are related to
ki. Whenever there is at least one index term k; of d; which is strongly related to
the index k; (i.e., ¢;4 ~ 1), then y; ; ~ 1 and the index k; is a good fuzzy index
for the document ;. In the case when all index terms of d; are only loosely
related to A;, the index k; is not a good fuzzy index for d; (i.e., u;; ~ 0). The
adoption of an algebraic sum over all terms in the document d; (instead of the
classic max function) allows a smooth transition for the values of the y; ; factor.

The user states his information need by providing a Boolean-like query
expression. As also happens with the classic Boolean model (see the beginning
of this chapter), this query is converted to its digjunctive normal form. For
instance, the query (¢ =k, A (ky V —k.)] can be written in disjunctive normal
form as [qany = (1,1,1) Vv (1,1,0) Vv (1,0,0)], where each of the components
is a binary weighted vector associated to the tuple (kq, ks, k.). These binary
weighted vectors are the conjunctive components of ¢y, s. Let ce; be a reference
to the i-th conjunctive component. Then,

Janf =cc1 V cca V ... V ccp

where p is the number of conjunctive components of @ins. The procedure to
compute the documents relevant to a query is analogous to the procedure adopted
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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

(kl V2 k‘g) A% ks

could be used to indicate that k1 and kg should be used as in a vector system
but that the presence of k3 is required (i.e., the conjunction is interpreted as a
Boolean 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 Boolean operations in terms of algebraic distances. In this
scnse, it is really a hybrid model which includes properties of both the set the-
oretic models and the algebraic models. For simplicity, 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 modcls 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 k be a vector associated with the index term k;. Independence
of index terms in the vector model implies that the set of vectors {kl, k'g, —
kt} is linearly independent and forms a basis for the subspace of interest. The
dimension of this space is the number ¢ 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 k; and k we have k; e k' = 0. In 1985,
however, Wong, Ziarko, and Wong [832] ploposed an interpretation in which
the index term wvectors 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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are then used for computing the ranking through a standard cosine similarity
function.

The ranking that results from the generalized vector space model com-
bines the standard w; ; term-document weighls with the correlation factors ¢; ..
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 E% vectors) might be proportional to the number
of documents in the collection. Despite these drawbacks, 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 morc 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 indcx 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 latent semantic indering model [287] is to map each
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 is 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 ¢ be the number of index terms in the collection and
N be the total number of documents. Define M=(My;) as a term-document
association matriz with t rows and N columns. To each element M;; of this
matriz is assigned o weight w; ; associated with the term-document pair [k;, d;].
This w; ; weight could be generaled using the tf-idf weighling technique common
in the classic vector space model.
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observe that the neural network in Figure 2.7 is composed of threc layers: 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 docurnent terrn podes might themselves generate signals to the document
nodes. This completes a first phase in which a signal travels rom 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. In faect, 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 nodes and document nodes).
Upon receiving this stimulus, the document term nodes might again fire new
signals directed to the document nodes, repeating the process. The signals be-
come weaker at each iteration and the spread activation process eventually halts.
This process might: activate a document d; 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 scnd signals to the
document term nodes which are attenuated by normalized query term weights
W; 4. For a vector-based ranking, these normalized weights can be derived from
the weights w, ; defined for the vector model by equation 2.4. For instance,

4
Zt‘:l w?,q

where the normalization 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 %5; ; derived from the weights w;, ; defined
for the vector model by eguation 2.3. For instance,

where the normalization is done using the norm of the document vector.

The signals 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 d; is given by

t t
e g Dli—1 Wig Wiy
Wi,g Wi =
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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 yiclded 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 d; 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 obscrvation of the document d; 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 node to its term nodes to indicate that
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 belief in this (query)
node is a function of the beliefs in the nodes associated with the query terms.
Thus, edges are directed from the index term nodes to the query node. Figure 2.9
illustrates an inference network for information retrieval. The document d;
has ko, k;, and k; as its index terms. This is modeled by directing the edges from
the node d; to the nodes ka, &5, and k;. The query ¢ is composed of the index
terms ki, ko, and %;. This is modeled by directing the edges from the nodes %,
ko, and k; to the node ¢. Notice that Figure 2.9 also includes three extra nodes:
g2, g1, and I. The nodes ¢ and ¢; are used to model an {alternative) Boolean
formulation g; for the query ¢ {in this case, ¢; = (k1 A ko) V k;). When such
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which is obtained by basic conditioning and the application of Bayes’ rule. Notice
that P(q|d; x k) = P{q|k) because the k; nodes separatc the query node g from
the document node d;. Also, the notation ¢ A d; is a short representation for
~(g A dj).

The instantiation of a document node d; (i.e., the observation of the doc-
ument) separates its children index term nodes making them mutually indepen-
dent (see Bayesian theory for details). Thus, the degree of belief asserted to each
index term node k; by instantiating the document node d; can be computed sep-
arately. This implies that P(E[dj) can be computed in product form which yields
(from equation 2.6),

P(gnd;) = > P(glk) x
Vi

I[I Pild)x [ Pilds) | x Plds) (2.7)
Vilgs(k)=1 Vi|gs (K)=0
1—P(q/\dj)

P(q/\dj)

Il

where P(k; |d;) = 1~ P(k;|d;). Through proper specification of the probabilities
Plqlk), P(k;|d;), and P(d;), 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 and tf-idf ranking
schemes. Let us first cover the specification of the P(d;) 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
d; (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 IV is the total number of documents in the system. Thus,

Pld;) = +
P(d;) = 1-+

The choice of the value 1/N for the prior probability P(d;) is a simple
and natural specification given that our collection is composed of N documents.
However, other specifications for P(d;) might also be interesting. For instance,
in the cosine formula of the vector model, the contribution of an index term to


















58 MODELING

OIOO IO LT

{7

Figure 2.10 Basic belief network model.

identically. This is an linportant observation because it defines the topology of
the belief network.

Figure 2.10 illustrates our belief network model. As in the inference network
model, a query ¢ is modeled as a binary random variable which is pointed to
by the index term nodes which compose the query concept. Documents 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.

The ranking of a document d; relative to a given query g is interpreted as
a concept matching relationship and reflects the degree of coverage provided to
the concept d; by the concept g.

Assumption In the belief network model, P(d;|q) is adopted as the rank of the
document d; with respect to the query g.

By the application of Bayes’ theorem, we can write P(d;|q) = P(d; A q)/P(q).
Since P(g) is a constant for all documents in the collection, we can write P(d;|q)
~ P(d; A q) i.e., the rank assigned to a document d; is directly proportional to
£(d; A g). This last probability is computed through the application of equa-
tion 2.11 which yields

P(d;lg) ~ > _Pld;Aglu) x P(w)

Yu

In the belief network of Figure 2.10, instantiation of the index tcrm variables
logically separates the nodes ¢ and d making them mutually independent (i.e.,
the document and guery portions of the network are logically separated by in-
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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.” The entries in
this inverted list indicate all the positions in the text of the document in which
the word ‘holocaust’ occurs. In the hierarchy, each node indicates the position
in the text of its associated structural component (chapter, section, subsection,
or subsubsection).

The query language allows the specification of regular 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, subscquently, evaluating which of these components satisfy the structural
part of the query.

Consider, for instance, the query [(*section) with (‘holocaust’)] 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’ and, for each entry in the list (which 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 before. 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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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 which 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 derected link | 45 which correlates the texts associated with these
two nodes. In this case, 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 145 is attached to a spe-
cific string inside the text for node A. Such a string is marked specially (for
instance, its characters might appear in a different color or 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.

When 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 avoid 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 becn explored already.

While 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 requircment 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
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result, for the first time in the history of mankind, any one person can publish
his writings through a large medium 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 lIssues

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

Regarding library systems, there is currently much interest in cognitive and
behavioral issues oriented particularly at a better understanding of which criteria
the users adopt to judge relevance. From the point of view of the computer
scientist, a main question is how this knowledge about the user affects the ranking
strategics 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 system. 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, sce Chapter 3 for details).

In the Web, the scenario is quite distinct 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 the ranking engine, an intcresting
problem is to study how the paradigm adopted for the user interface affects the
ranking. Furthermore, it is now well established 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 indexed). 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 alrcady discussed the issues of rel-
evance and probabilistic indexing in information retrieval. Twenty-three years
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later, 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 veetor, and the probabilistic models. Another
landmark reference is the book by van Rijsbergen [785] which, besides also cover-
ing the three classic models, presents a thorough and enjoyable discussion on the
probabilistic model. The book ediled by Frakes 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 Belzer [786]. The issue of adapting the Boolean
formalism to operate with 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 [522] cover the usage of Boolean queries with
probabilistic retrieval. Anick ef al. [21| propose an interface based on natural
language for Boolean retrieval. A thesaurus-based Boolean retrieval system is
proposed in [493].

The vector model is maybe the most popular model among the research
community in information retrieval. Mucl of this popularity is due to the long-
term research of Salton and his associates [697, 704]. Most of this 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 carly on by Salton and Lesk [697].
Sparck Jones introduced the idf 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 weighting in the final ranking. Salton and Buckley [696]
summarize 20 years of experiments in term weighting with the SMART 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 [293] propose the use 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 probabilistic ranking principle in
information retrieval.

The inference network model was introduced by Turtle and Croft [772, 771]
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









Chapter 3
Retrieval Evaluation

3.1 Introduction

Before the final implementation of an information retrieval system, an cvalua-
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 the 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 evaluation.

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.
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Figure 3.3 Interpolated precision at 11 standard recall levels relative to R, =
{d3,dse, 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 4+ 1)-th recall level.

In our last example, this interpolation rule yields the preeision 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 [igures are normally used to compare the retrieval performance of distinct
retricval algorithms. For instance, onc could compare the retrieval performance
of a newly proposed retrieval algorithin 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 the 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 rctrieval literature. They arc useful because they allow us to evaluate
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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
serics is to encourage rescarch 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-
scarchers 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 City Univ., London

ATE&T Labs Research CLARITECH Corporation
Australian National Univ. Cornell Univ./SaBIR Research, Inc.
Carnegie Mellon Univ. CSIRO (Australia)

CEA (France) Daimler Benz Res. Center, Ulm

Center for Inf. Res., Russia Dublin Univ. Center
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Duke Univ./Univ. of Colorado/Bellcore Oregon Health Sciences Univ.

ETH (Switzerland) Queens College, CUNY

F8 Consulting, Inc. Rutgers Univ. (2 groups)

GE Corp./Rutgers Univ. Siemens AG

George Mason Univ./NCR Corp. SRI International

Harris Corp. 1'wentyOne

IBM T.J. Watson Res. (2 groups) Univ. California, Berkeley

ISS (Singapore) Univ. California, San Diego

ITI (Singapore) Uniy. Glasgow

ATPL, Johns Hopking Univ. Univ. Maryland, College Park
LEXIS-NEXIS Univ. Massachusetts, Amherst
MDS at RMIT, Australia Univ. Montreal

MIT/IBM Almaden Res. Center Univ. North Carolina (2 groups)
MSI/IRIT /Univ. Toulouse Univ. Sheffield/Univ. Cambridge
NEC Corporation Univ. Walerloo

New Mexico State Univ. (2 groups) Verity, Inc.

NSA (Speech Research Group) Xerox Res. Centre Furope

Open Text Corporation

The seventh TREC conference was held again at NIST in November of 1998.

In the following, we briefly discuss the TREC document coliection and the
(benchmark} tasks at the TREC conferences. As with most test collections,
the TREC collection is composed of three parts: the documents, the example
information requests (called topics in the TREC nomenclature), and a set of
rclevant documents for ecach example information request. Further, the TREC
conferences also include a set of tasks to be used as a benchmark.

The Document Collection

The TREC collection has been growing steadily over the years. At TREC-3,
the collection size way roughly 2 gigabytes while at TREC-6 it had gone up to
roughly 5.8 gigabytes. In the beginning, copyright restrictions prevented free
distribution of the collection and, as a result, the distribution CD-ROM disks
had to be 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 now available from NIST at a small
fee (US$200 in 1998) to cover distribution costs. Information on how 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 sources:

WSJ — Wall Strect Journal

AP — Associated Press (news wire)

ZIFF — Computer Selects (articles), Ziff-Davis
FR — Federal Register
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DOE — US DOE Publications (abstracts)
SIMN  — 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 Words/Doc. Words/Doc.
Mb  Docs (median) (mean)
1 WSJ, 1987-1989 267 98,732 245 434.0
AP, 1989 264 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 56,920 132 451.9
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
B FT, 1991-1994 o064 210,158 316 412.7
FR, 1994 395 55,630 088 644.7
CR, 1993 236 27,922 288 1373.5
5) FBIS 470 130,471 322 543.6
LAT 475 131,896 351 526.5
6 FBIS 490 120,663 348 081.3

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 with SGML (see Chapter 6) to allow easy parsing (which implies simple
coding for the groups participating at TREC conferences). Major structures
such as a field for the document number (identified by <DOCNO>) and a field
for the document text (identified 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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categories are fairly broad, the number of categories for any given document is
usually smaller than five. The subfield ‘direct references’ provides a list of pairs
of documents [d,,dy| in which each pair identifies a document d, which includes a
dircet reference to a document dp. The subfield ‘bibliographic coupling’ provides
a list of triples [dy,d2.7teteq] in which the documents 4, and dg both include a
direct reference to a same third document d; and the factor ngeq counts the
number of documents d; cited by both d; and ds. The subfield ‘co-citations’
provides a list of triples [di,d2,neiting] in which the documents d; and dy are
both cited by a same third document d; and the factor ngiting counts the num-
ber of documents d; citing both dy and d». 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 small and around 15. As a result, precision and recall figures tend fo
be low.

The 1S] Collection

The 1460 documents in the IST (often referred o 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) were those most cited in a cross-citation study done by Small. The
main purpose of the IST collection is to support investigation of similaritics based
on terms and on cross-citation patterns.

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

e author names
e word sterns from the title and abstract sections

e 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 test 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




















