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Abstract

With the growing focus on what is collectively known as “knowledge management”, a shift continues to
take place in commercial information system development: a shift away from the well-understood data
retrieval/database model, to the more complex and challenging development of commercial document/
information retrieval models. While document retrieval has had a long and rich legacy of research, its
impact on commercial applications has been modest. At the enterprise level most large organizations have
little understanding of, or commitment to, high quality document access and management. Part of the
reason for this is that we still do not have a good framework for understanding the major factors which
affect the performance of large-scale corporate document retrieval systems. The thesis of this discussion is
that document retrieval — specifically, access to intellectual content — is a complex process which is most
strongly influenced by three factors: the size of the document collection; the type of search (exhaustive,
existence or sample); and, the determinacy of document representation. Collectively, these factors can be
used to provide a useful framework for, or taxonomy of, document retrieval, and highlight some of the
fundamental issues facing the design and development of commercial document retrieval systems. This is
the first of a series of three articles. Part IT (D.C. Blair, The challenge of commercial document retrieval.
Part II. A strategy for document searching based on identifiable document partitions, Information Pro-
cessing and Management, 2001b, this issue) will discuss the implications of this framework for search
strategy, and Part III (D.C. Blair, Some thoughts on the reported results of Text REtrieval Conference
(TREC), Information Processing and Management, 2002, forthcoming) will consider the importance of the
TREC results for our understanding of operating information retrieval systems. © 2001 Elsevier Science
Ltd. All rights reserved.
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1. Introduction

A radical shift began to take place in the 1990s in the focus of commercial information pro-
cessing software development: a shift away from the better-understood data retrieval/database
model, and to the more complex and challenging development of commercial document retrieval
models. This shift in focus came none too soon: management theorist Peter Drucker has stated
that we have entered the third major evolution in the ““... concept and structure of organiza-
tions. .. the shift from the command-and-control organization, the organization of departments
and divisions, to the information-based organization, the organization of knowledge specialists.”
(Drucker, 1988). Much of this organizational information, perhaps most of it, takes the form of
documents (e.g., reports, messages, letters, journal and magazine articles, memos, minutes of
meetings, research bulletins, etc.), and it is easy to see why documents are important: they are
often the organizing and interpretive medium that gives data, figures and other information
meaning within an organizational context. In short, documents are the medium where organi-
zational memory or intelligence resides. Poor access to document content means poor access to
the knowledge that an organization creates or acquires.

Interleaf has estimated that more than 1 billion documents are being created each day in North
America, and that executives spend 40% of their time dealing directly with documents. The
Gartner Group has estimated that as much as 90% of a corporation’s information is contained in
its documents. This brings a new urgency to the task of providing access to this enormous, and
growing, volume of document-based information: lawsuits are lost or settled out of court because
supporting documents cannot be found; internal studies and analyses are redone because the
documented results of the original work cannot be located; managers make decisions that are sub-
optimal or even incorrect because they are not aware of important relevant information that exists
in other parts of the organization or is available from commercial document databases; scarce
grant money is allocated to research that has already been done and published because neither the
authors of the grant nor the referees are aware that similar work has already been completed. The
consequences of poor document retrieval can be striking:

The effects of a failure of “document control” can be dramatic. A major utility company was
required to shut down four nuclear reactors because of lost repair instructions (at a loss of
$2m per day). The US Department of Defense estimates that half of all military accidents
result from missing or inaccurate technical information. A major airline was fined $10k
per take-off because of out-of-date maintenance information. A major drug company lost
its entire R&D investment owing to inability to provide timely documentation (Fleischer,
1990).

Clearly document, or text, retrieval has taken a prominent place in commercial information
system development. But are we ready for this shift? Do we have the software tools to build large-
scale commercial document retrieval systems, and, more importantly, do we have a good con-
ceptual understanding of what factors influence document retrieval in the corporate context? A
clear ““yes” cannot be given. Certainly, there has been a rich history of theoretical work in doc-
ument retrieval (Salton and McGill, 1983; van Rijsbergen, 1979) and a history of small-system
tests. But tests of actual large-scale commercial applications of this theory are still rare, and the
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market-place has been saturated with systems whose theoretical antecedents date back to the
1950s. [The periodic Text REtrieval Conferences (TRECs) have attempted to evaluate the re-
trieval effectiveness of comparatively large IR systems (though not in operational settings). But
their conclusions must be taken with some caution. See Blair (2002, forthcoming).]

2. Data retrieval versus document retrieval

Why cannot we build commercial document retrieval systems based on the better-understood
data retrieval model? Clearly, Data Base Management Systems (DBMSs) represent a relatively
well-understood framework that should give us a firm foundation on which to build new
commercial document retrieval systems. In addition, DBMSs have a wide selection of support
software and utilities designed to facilitate database management (e.g., telecommunications
interfaces, data loading programs, concurrency control systems, data dictionaries, report writing
facilities, security and integrity control systems, etc.). But it has been argued that the data re-
trieval model is fundamentally different from the document retrieval model in a number of
important ways (Blair, 1984a,b, 1999). For the purposes of this discussion, we will take docu-
ment retrieval to be the retrieval of the intellectual content of documents. Retrieving documents
which can be uniquely and unambiguously identified (such as an employment document which is
uniquely identified by a social security number) is more like data retrieval than document re-
trieval, and is not considered here. Blair (1984a,b) identified four major distinctions between
data retrieval and document retrieval (see the original article for more a more detailed dis-
cussion):

Data retrieval Document retrieval

1 Direct (“I want to know X”’) 1 Indirect (“I want to know about X*)

2 Necessary relation between a formal query 2 Probabilistic relation between a formal
and the representation of a satisfactory query and the representation of a satisfac-
answer tory answer

3 Criterion of success = correctness 3 Criterion of success = utility

4 Speed dependent on the time of physical 4 Speed dependent on the number of logical
access decisions the searcher must make

To this list we can now add another major difference between document and data retrieval:

5. Data retrieval models scale up relatively easily while document retrieval models that provide
access to the intellectual content of documents do not. The logical data model developed for a
given database is not critically dependent on the size of the database. That is, once a logical
model, such as a normalized relational schema, has been developed for a specific set of data, it
will, with few exceptions, work just about as well on a small database as a large one. For example,
if you submit a request for “The salary for the person with social security number 533 50 2857 it
should not affect the search much if the desired record is on a database of 1000 records or 100,000.
But the trial-and-error nature of document retrieval dictates that the uncertainty that exists in the
retrieval process will increase as the document collection grows. For example, if one submits a
query requesting documents on “distributed data processing” to a system of a 1000 documents,
one might retrieve, say 100 documents, a few of which are relevant, but the majority of which, say
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90%, are not. Now, looking through 100 documents to find the one(s) that you want is incon-
venient, but tolerable. But let us suppose that the same query is submitted to a document system
providing access to 100,000 documents. If the characteristics of the document collection remain
the same, one might still expect to retrieve the same proportion of the database, 10%. But that
10% is now 10,000 documents rather than 100, and, more importantly, the retrieved set of 10,000
documents is now no longer a conveniently browsable size. To deal with the overload of non-
relevant documents on large systems, the inquirer must submit a substantially different — often
semantically different — set of queries than he would on the smaller system. This can introduce
specific biases in the searching process that are well known in the decision making under un-
certainty literature, and can make the entire searching process less certain than it would be on a
substantially smaller system (Blair, 1980). This explains why a well-designed document retrieval
system may become less effective merely because the collection of documents to which it provides
access grows. Data retrieval systems do not typically suffer from such a severe dependence on
database size. This is not to say that there are no problems endemic to very large databases. There
are. But the principal scaling problem with document retrieval affects the search process more
severely. Such an increase in size does not affect the search process in data retrieval to any
comparable extent, though for some exceptions see (Blair, 1999). '

3. Document retrieval and the problem of scale

This scaling problem is central to the problem of document retrieval, so it is important that we
examine some of the factors that influence it more closely. Document retrieval is critically de-
pendent on how the documents are represented on a particular system, and this system of rep-
resentation comprises a kind of ‘“language” in which document content or context can be
described and searchers’ requests can be expressed. Consequently, the properties of this “docu-
ment language” can influence the effectiveness of document descriptions and searchers’ requests.
As it turns out, natural languages (such as English or French) have some well-known statistical
regularities that document representation ‘“languages” can also share (van Rijsbergen, 1979).
Specifically, natural languages conform to what has become known as the “Zipf distribution”
[Zipf: Hill (1970, 1974); see Brookes (1968, 1984), for discussions of the Zipfian distribution in
IR]. If you tabulate the occurrences of all words in a sufficiently large sample of natural language
text and rank them according to their frequencies (from highest to lowest), then the product of the
rank of any given word and its frequency will approximate a constant. If you then plot this
distribution of word frequencies on logarithmic scales, where the x-axis=rank and the y-
axis = frequency, the plot will be linear with a slope of —1 (see Fig. 1). Further, because the slope is
—1, the x and y intercepts will have the same values, meaning that the total number of different

! This discussion of the distinction between data retrieval and document retrieval is not meant to imply that
document system development has nothing to learn from the rich and impressive history of data retrieval system
development; nor should it imply that data retrieval systems never have scaling problems. There are many lessons to
learn from data retrieval (see Blair, 1988), but there are real differences that should not be lost sight of. It is also the case
that these five differences between data retrieval and document retrieval are not the only differences, but they are the
major ones of concern here. Eight other differences are discussed in (Blair, 1999).
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Word Frequency

Word Rank

Fig. 1. Zipf distribution.

words in the vocabulary (the x intercept) will be equal to the frequency of the most frequently
occurring word (the y intercept: the frequency of the word of rank number 1). In document re-
trieval systems, the words in the “language” are those terms or phrases which are used to rep-
resent documents, while their frequencies are merely the number of times they appear in the
system representing documents. We can model the document representation language as follows:

Nt
N, =) _F =F(In(2Nr)),
i1
where N, are the total word occurrences in the database, Nt the total number of unique terms in
the document representation language, F; the occurrence frequency of term i, and Fj is the oc-
currence frequency of the most frequently occurring word in the database — i.e., the word of
frequency rank 1 (Blair, 1988).

With this equation we are in a position to say something specific about how the frequency of
occurrence of individual words increases as a function of the increase in the number of documents
in the collection, and this, in turn, will give us a more accurate picture of how searching degrades
when the document collection increases. For example, if we have a database of 1000 documents,
and each document is represented with, on average, 100 different words, then the total word
occurrences, N, will be equal to the number of documents multiplied by the average number of
words used to represent a document; here, 1000 x 100, or, 100,000. By substitution

N, = 100,000 = F; (In 2Ny)).

Since the rank-frequency distribution is hyperbolic, then if the distribution were perfect, F} (the
y-intercept) would be equal to Nt (the x-intercept). (In empirical studies it has been found that F
is somewhat less than a perfect distribution would predict, and Nt is somewhat greater. But for

present purposes we will assume that the distribution is ideal.) Solving for values of F; and Nt we
find that

Nr =10,000, £ = 10,000.
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Which means that there are approximately 10,000 unique words in the document representation
language, and the frequency of occurrence of the most frequent word is also 10,000. Using the
same methods, we find that if the document collection increases from 1000 to 100,000, F; and Nt
will increase to 710,000. While 710,000 seems like an unusually large vocabulary, the reader must
remember that it includes all the unique “words’ in the running text: that is, proper nouns, ne-
ologisms, acronyms, etc., in addition to common words and expressions (see Appendix A for a
brief discussion of this phenomenon).

Given the above statistics, we can see that a 100-fold increase in the size of the document
collection causes a 71-fold increase in the frequency of occurrence of the document description
vocabulary terms. For example, suppose we submit to the 1000 document system a simple search
request consisting of the subject description “computer”’, and we find that 100 documents contain
that word as a description (that is, 100 documents are retrieved). If that same system increased to
100,000 documents and covered the same kind of material, then the word “computer”” would now
retrieve 7100 documents, not 100. [One of the regularities of the Zipfian description of language is
that high frequency words typically do not change their rank much (new terms naturally appear at
the tail end of the distribution, then gradually move up as their frequencies increase and new
terms are added to the vocabulary). Therefore, the frequencies of most of the words in the dis-
tribution will increase by the same proportion as more documents are added to the collection.]
While the searcher may be able to examine the 100 documents from the smaller retrieval system, it
would be hard for him to examine all 7100 documents retrieved from the larger system. The
searcher is now presented with not only a quantitatively larger system, but with a qualitatively
different search space. That is, he can no longer retrieve a “‘browsable” set of documents using the
single search term “computer”. In order to retrieve a smaller, ““browsable”, set of documents he
must construct a semantically different search request — a search request that uses either a term
other than “computer” or one that intersects another term with “computer”. [See Blair (1980) for
a discussion of the bias that this method of searching introduces into the search process.] This
scaling difficulty poses system design problems on document retreival systems which traditional
data retrieval/database management systems do not need to address directly. In short, design
solutions and searching techniques which work on smaller document retrieval systems or data
retrieval systems will not necessarily work on larger systems. >

4. Zipf and the trial-and-error nature of document retrieval

One might ask, reasonably, why the mere increase in the number of documents that are rep-
resented by the word “computer” increases the indeterminacy of retrieving documents “about
computers”. Is it not possible that the increase in the number of documents represented by

2 It is not necessary for the word frequencies to follow the Zipfian distribution exactly. The argument presented here
holds even if the rank:frequency relationship is somewhat different than the model presented here. It is also the case that
the 7100 occurrences of the word “computers” may not occur in 7100 different documents. Some documents will have
more than one occurrence of the word so the total documents retrieved will be less than 7100. Even if the growth of the
retrieved documents does not go from 100 to 7100, the increase will be substantial, and enough to make the point I wish
to convey.
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“computer’’ simply increases the number of documents that are useful to the searcher? This does
not necessarily happen. To understand why this is the case, we need to look again at Zipf’s model
of language. We had mentioned earlier that one of the essential characteristics of document
retrieval is that the search process is intrinsically trial-and-error (Swanson, 1977). It turns out that
Zipf has a statistical model for this, too. In short, words have multiple meanings or uses so the
words which represent documents in retrieval systems are, by themselves, inherently ambiguous.
Zipf showed in empirical studies that the number of different meanings or uses that a word has
varies according to the square root of its frequency of occurrence in a body of text (Zipf, 1949).
For example, suppose the word “computing’” occurs 100 times as a document description in the
smaller system. According to Zipf it is likely that “computing” is being used in about 10 different
semantic ways (e.g., one document is about “distributed computing”, another is about “com-
puting charge-back rates”, another is about “control of computing resources”, etc.). Clearly, as
the frequency of word occurrence goes up in a document retrieval language, so does the number of
ways in which those words are used — the number of different meanings that they have. When our
example system increased from 1000 documents to 100,000 and the occurrence of the word
“computer’” went from 100 to 7100, according to Zipf we can expect the number of different ways
in which “computer” is used will increase from 10 to 84. So the quantitative increase in the
frequency of occurrence of “computer’ has increased the semantic ambiguity of the search space
8-fold. More importantly, the numeric increase in documents that are represented by “computer”
will not necessarily add a comparable proportion of new relevant documents to the database,
since we can assume that in most situations the inquirer would be looking for documents which
related to only one of the possible meanings. The new documents represented by “‘computer”” may
be discussing subjects that are related to, but substantially different from those that the searcher
would find useful. Consequently, the increase in the size of the document retrieval system may not
be increasing the number of documents relevant to the searcher’s request by very much, it may
only be increasing the size of the retrieved set the searcher must browse through to find what he
wants — the haystack in which the searcher must find the needle is simply getting larger. *

5. Vocabulary balance and the competing forces of language

Zipf postulated that the statistical regularities which he noticed in language were the result of
the competition of two forces in language: unification and diversification (Cherry calls these forces
“Personal” and “Social” in his informed application of Zipf’s work to communication theory
(Cherry, 1971)). Basically, language needs two kinds of words to work efficiently: general words

3 Clearly, the “number of meanings” of a word is a slippery entity to measure empirically, and Zipf himself qualified
his measurement by pointing out that he did not have data for the “meanings” of the 500 most frequent English words.
He did have semantic data for 20,000 other words, defining the “meaning” of a word empirically as that which is listed
as a meaning in the Thorndike-Century Senior Dictionary. Nevertheless, Zipf’s observation that there is some
relationship between the square root of the frequency of a word’s use and the number of different meanings it has, is
important. Zipf also used Lorge’s The English Semantic Count, which he mentions without giving a citation. A more
detailed presentation of these calculations occurs in Zipf (1945). From the point of view of an indexing or document
retrieval vocabulary, there may be some empirical relation between the different meanings of an index term and the
number of different index terms it co-occurs with.
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which can be used in a variety of contexts (and have a variety of related meanings), and specific
words with more precise meanings that have very few relevant contexts. Since you can use the same
general word in a variety of contexts, this “unifies” language, while a specific word, which has a
unique context, “diversifies” language. A preponderance of either general or specific words makes
language inefficient, so a ““vocabulary balance” occurs where language contains a spectrum of
words from the very general words of high frequency to the very specific words of low frequency,
and a middle range of words that balance generality and specificity in varying levels. This spectrum
from generality to specificity maps right onto Zipf’s distribution of word occurrences from high to
low frequency. For document retrieval languages, the competing forces of unification and diver-
sification can be more accurately interpreted as the forces of description and discrimination. *
The “force of description” in document representation dictates that documents, especially the
intellectual content, should be described as completely as possible, so that all of the information in
the document is faithfully represented. This makes the representation of any given document
easier to predict for the searcher (one could say that when the document is described as completely
as possible it has a larger semantic “‘target area” in the document search space). The “force of
discrimination”, though, dictates that documents should be distinguished from other documents
in the search space of the system. The force of description applies to individual documents, while
the force of discrimination applies to the relationship between a particular document and other
documents in the collection. When a document retrieval language is biased towards description —
as it is in simple full-text retrieval systems — the documents may be “over-described”. “Over-
description” means that some, or many, of the terms that are used to describe the document may
mis-represent the intellectual content of that document. For example, a document that analyzes
demographic data may begin with a statement “The data in this study were processed by SUN
computers running SPSS under the LINUX operating system.”. If this document were accessible
on a simple full-text retrieval system, then it would be retrievable by queries that had any of the
terms “SUN”, “SPSS”, “LINUX", or “operating system’ in them. It is unlikely, though, that a
searcher who used the search terms “SUN”, “SPSS”, “LINUX"’, or “operating system’ in his/her
search query would find such a document useful. When documents are retrievable by any content-
bearing word that occurs in them the searcher will have an easier job of predicting the words or
phrases contained in useful documents, but will have greater difficulty discriminating needed
documents from unwanted ones (that is, both useful and useless documents will have some or
many of the same words appearing in them or assigned to them so the words will not discriminate
useful from useless documents well; Blair & Maron, 1985). Such systems have document de-
scriptions of high predictability, but low discrimination, and the searches conducted on these
systems are characterized by what is known as “output overload” — the retrieval of large sets of
predominantly useless or non-relevant documents (we might call this problem a “Failure of
Discrimination’). When a document retrieval language is biased towards discrimination, as it is in
the author-title catalogue for a large research library, the documents may be described more or
less uniquely. But these specific descriptions may be hard for the searcher to anticipate if he does

4 van Rijsbergen makes a similar distinction in indexing languages and calls the competing forces representation and
discrimination. He does not base this distinction on Zipf’s work, though. I prefer to keep the term ‘“‘representation’ as a
more general term, which includes both description and discrimination.
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not know the exact title or author of the book he wants — that is, he wants a book with a particular
intellectual content, not a book with a specific author and title. The document descriptions of such
systems have high discrimination, but low predictability (we might call this problem a “Failure of
Description”). The most extreme example of the failure of description would occur on a system
that merely listed books by their unique ISBN’s.

If the document descriptions on a system are biased towards description, searches will tend to
have high recall but low precision. But if descriptions are biased towards discrimination, searches
that retrieve relevant documents will tend to have high precision but low recall (in some cases,
though, the inquirer will not be able to anticipate any representations of relevant documents and
recall and precision will both be zero). Just as the Zipfian distribution is due to the competing
forces of unification and diversification, the classic trade-off between recall and precision may be
due in large part to the competing forces of description and discrimination. Recall and precision,
though, do not give us any real sense of how well a query discriminates between useful and useless
documents. “Fallout,” an old, but seldom used measure of retrieval effectiveness gives us a better
sense of discrimination than either recall or precision does.

6. Document description and the small-system effect

Ironically, biasing the document representation vocabulary towards description tends to make
small document retrieval systems of several hundred documents work better. Since many of the
older tests of document retrieval effectiveness were done on such small systems, the results tended
to confirm the effectiveness of ‘“‘over-description”. A prominent study of document retrieval
language used on a small system came precisely to this conclusion:

Many, many alternative access words are needed for users to get what they want from large
and complex [document retrieval systems]... A more familiar approach for textual objects is
to extract multiple access terms automatically from the content. .. Gomez, Lochbaum and
Landauer found full-text indexing to be roughly equivalent to extensive alias ‘harvesting’
from experts for the recipe database. (This strategy is referred to as “unlimited aliasing”.)
(Furnas, Landauer, Gomez, & Dumais, 1987)

This study was done on a database of a few hundred documents (recipes) so it is not surprising
that its conclusions were dominated by the force of description. Such conclusions, though, while
valid on small systems, fail to recognize the scaling problem of document retrieval, and make the
mistake of assuming that document description and search strategies that are successful on small
systems will work on large systems. Such is not the case. The rationale behind the unlimited
aliasing of document representations is to increase the semantic “target area” of the desired
documents — i.e., to increase the probability that a searcher can guess a term used to represent a
desired document. What proponents of this strategy do not realize is that the more descriptions
you add to the representation of a document, the more that document’s descriptions begin to
look, in part, like the descriptions of other documents; and there is both empirical (Swanson,
1966) as well as theoretical (Blair, 1990; Langendoen & Paul, 1984) evidence that there may be no
practical limit to the number of ways a single document can be described. As a document
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collection grows, the more likely it becomes that there will be documents with similar words in
their text; and given the multiplicity of meanings for a particular word, documents with the same
or similar descriptions may have significantly different intellectual content. The advocacy of
unlimited aliasing is rather like claiming that ambiguity in natural language could be lessened
simply by increasing the number of words in the vocabulary without regard for how they are used.
But the lesson of Zipf’s work is that languages are most effective when the vocabulary size
maintains a kind of between general and specific terms, that is, to the size of the text. Insofar as a
document representation language is similar to natural language, one might expect it to have
similar characteristics. In short, the key to document representation is not unlimited aliasing — just
adding indexing terms — the key is to add just the right indexing terms, ones that simultaneously
describe the documents well and discriminate them from other documents in the collection. (In an
empirical study, Brooks could not find evidence to support the unlimited aliasing of Furnas et al.
(1987): “This experiment found no evidence to support the Strategy of Unlimited Aliasing. ..
some index terms are simply better than others.” (Brooks, 1993, p. 146).)

Thus, while description is the more important factor on small retrieval systems, discrimination
becomes increasingly important as systems grow. This growth has two major consequences. First,
there may never be a single ““best” representation of a particular document since the requirements
for discrimination will change as new documents are added or taken away from the collection.
Second, since discrimination grows in importance as the document collection grows, a document
representation cannot be based soley on the document itself but must take into consideration how
other documents in the collection are represented.

7. What do we know about large-scale commercial document retrieval systems?

Since document retrieval systems, when used to access intellectual content, do not scale up as
easily as data retrieval systems, it becomes imperative to treat large-scale systems as fundamen-
tally different from small-scale systems. That is, large-scale document retrieval systems may re-
quire not only a different design model, but may also require a substantially different theoretical
foundation than small systems (Blair, 1990). It also means that usually we cannot infer the reli-
ability of large-scale systems based on tests done on smaller systems (Blair & Maron, 1985, 1990).
The exception to this is Swanson’s early retrieval experiment:

The restriction of the collection to homogeneous subject matter was intended to permit some
degree of extrapolation to the behavior of larger collections. Computer search techniques
must necessarily be based on the language content of the documents searched, and it is clear
that the more homogeneous the language the more difficult the problem of discriminating
relevant material from irrelevant for any given request. Thus, homogeneous subject matter
in a small collection would tend to present about the same level of retrieval difficulty as di-
verse material in a larger collection. (Swanson, 1960, p. 1100)

This is an important insight and suggests an interesting avenue of investigation, namely, to
attempt to measure the “homogeneity’ of text and to relate that to the comparative difficulty of
searching document collections of different sizes. Unfortunately, subsequent researchers did not
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do this, leaving us without any clear way to extrapolate searching from small collections to larger
ones. As a consequence, we must be resolved to the fact that to understand the effectiveness of
large, commercial document retrieval systems, we must test large systems in operational envi-
ronments. But the testing of large-scale document retrieval systems in a commercial environment
is a costly and time-consuming endeavor, so detailed tests of document retrieval effectiveness such
as those of the Blair and Maron (1985) study which cost over $500,000 in today’s dollars, will be
rare. As a result, few precise, general conclusions can be drawn about the performance of large
document systems. > (For a discussion of the relevance of TREC data to our understanding of the
effectiveness of large document retrieval systems see Blair, 2002, forthcoming.)

It is precisely the difficulty getting accurate values of retrieval effectiveness, particularly recall,
that motivates the efforts in this discussion to identify some of the factors which may affect re-
trieval effectiveness. What we need, at least in part, is a framework for investigating document
retrieval systems — a framework which identifies the major types of possible retrieval situations.
Without such a framework, the document retrieval problem is simply too large and the factors
influencing good design are too varied to permit us to investigate these problems systematically.
The following framework, it is argued, will help identify some of the fundamental issues of
document retrieval system design that influence search effectiveness. In short, there is no single
type of document retrieval situation, but a family of similar types of searches which can be
classified along three dimensions: search exhaustivity, database size, and the determinacy of
document representation. The description of this basic taxonomy will give us a framework in
which to identify some of the major issues and processes of document retrieval. This, in turn,
should help us to focus future research on the crucial areas of development in this important field.
This framework is an extension of the framework first proposed in Blair (1984a,b).

8. Search exhaustivity and database size

We have already discussed how database size can significantly affect the retrieval of intellectual
content. Search exhaustivity has a similar important influence. An exhaustive search on a docu-
ment retrieval system is one in which the inquirer needs to see all, or nearly all, of the documents
which are useful to him. This can be contrasted with what might be called a sample search, where
the inquirer does not need all of the useful documents on the system. For example, a lawyer
preparing to defend a client, must have exhaustive access to all documents germane to the lawsuit.
To miss useful documents might put the successful conduct of the case in jeopardy. On the other
hand, an individual doing market research for a manufacturing company might only need to get a

5 Information retrieval is not unique in its need for costly empirical validations of theory; astronomy and sub-atomic
physics, among other disciplines, have similar requirements. But astronomy and sub-atomic physics do not require an
empirical validation of every advance they make, because each of these disciplines has a fairly well-developed
theoretical model which can be used to advance the understanding of these disciplines for brief periods independently of
empirical verification. Information/document retrieval does not have such a rigorous model, so, at present, it is more
dependent on the empirical validation. Since such empirical validation is rarely carried out on large, operational
systems, the design of successful, large-scale document retrieval systems can be somewhat hit-or-miss. Moreover,
without routine, detailed tests of retrieval effectiveness we have scant hard evidence on how well these large commercial
systems can be used to access document content.
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sampling of documents containing information about, for example, consumers’ views. Because
document retrieval is inherently a trial and error process, an exhaustive search involves ‘“‘more
trials and more errors” than a sample search requires, ceteris paribus. On a large document re-
trieval system with the inquirer looking for a sufficiently obscure set of documents, an exhaustive
search may not even be possible (many searches on the World Wide Web are like this).

There is a further distinction that can be made about exhaustive searches that is not reflected in
the framework we will discuss shortly, but is nevertheless important and should be mentioned, if
only in passing. There are really two kinds of exhaustive searches: those that look for documents
that are known to exist (or probably exist), and those that look for documents that are not known
to exist. The latter kind of search can be called an “existence search” — the searcher is trying to
determine whether or not a desired document exists (Cooper, 1973; Cooper & Maron, 1978).
Paradigm existence searches are patent searches and legal precedent searches. Existence searches
differ from exhaustive searches in their criteria for ending a given search. Existence searches end
when the desired document (or documents) is found — for example, a patent search ends when you
find a patent for an invention that is sufficiently similar to the proposed one — or, you find evi-
dence that such a patent exists. Exhaustive searches often need to continue searching even after a
significant number of relevant documents are found, to insure that all the necessary documents
have been found. By and large, existence searches tend to follow the law of the “excluded middle™:
the desired documents either exist or they do not, there is no notion of partial existence. Ex-
haustive searches, though, can find all, none, or some of the desired documents, and some of those
documents will be more useful than others. [For example, in the study reported by Blair and
Maron (1985), the exhaustive search was defined as retrieving a minimum of 75% of the desired
documents]. In short, an existence search can end after the retrieval of a single, relevant document;
an exhaustive search rarely ends so quickly and decisively. For the purposes of this discussion,
though, we will not distinguish exhaustive from existence searches.

The reason why exhaustive and existence searches are so difficult is that the searcher cannot
easily distinguish between the situation where the desired documents do not exist, and the
situation where the desired documents do exist, but the searcher has missed them. Simply not
finding the desired documents may not be evidence, by itself, that they do not exist. This makes
such searches doubly difficult: they must not only employ good search strategies if they are
likely to be successful, but they must also have justifiable “stopping criteria” for ending the
search when the desired documents are not found. This is especially important on systems with
large numbers of documents since these systems cannot be searched in their entirety. Of course
the large size of a document collection and the ease of physical access add further complications
to the search process. Exhaustive searches on large databases are typically the most difficult
searches of all.

9. The determinacy of representation: content and context

The third and final component in this framework for document retrieval is based on how
precisely the documents can be represented on any given system; this is the system of represen-
tation through which we can provide access to the intellectual content of a given set of documents
by including them in specific logical or intellectual categories. In more formal terms, it is the
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system of representation that, for any search, can provide an ordering of the documents in the
database from those most likely to be useful to those least likely to be useful. Document retrieval
systems typically match search queries to document ‘“‘representations’ rather than to the docu-
ments themselves (even full-text document retrieval systems usually represent documents by a
subset of a given document’s text which excludes specific “stop’” words). These “document rep-
resentations’ can vary greatly in their level of determinacy — their ability to precisely identify a
given document or set of documents. For example, a document’s title can often identify a doc-
ument fairly precisely; that is, there are very few duplicate titles even in large document collec-
tions. For those titles that are duplicate, the combination of the title and the author’s name are
almost always unique. Here we would say that a document’s title, or its title and author, are highly
determinate representations, that is, there would be little or no disagreement among reasonable
individuals about what the exact title or author of a typical document is.

On the other hand, keywords, which represent the intellectual content of a document,
usually identify that content far less precisely than an author or title can since many doc-
uments can be represented by the same keywords, and there can be unresolvable disagree-
ments among individuals about which keywords represent a particular document best. Even
professional indexers can honestly disagree about keyword assignments (Zunde & Margaret,
1969). In formal logic the degree of precision by which some intellectual content can be
represented is known as the “determinacy of sense”. The determinacy of sense has been an
important issue in formal logic since the pioneering work of Gottlob Frege, Bertrand Russell
and the early Wittgenstein (Baker & Hacker, 1985). To distinguish the logical view of de-
terminacy from the information retrieval view, 1 will call the latter the determinacy of rep-
resentation.

To see the relationship between document representations of high and low determinacy it is
useful to consider some relevant categories of document representation. Documents are often
represented by descriptions of their content and their context. The content (more specifically, in-
tellectual content) of a document concerns the subject of that document — loosely, what it is about.
The context of the document describes the internal or external “framework” of the document.
Internal contextual information is comprised of such things as the name(s) of the author(s) of the
document, its title, the type of document (memo, directive, correspondence, minutes of a meeting,
etc.), date, author’s affiliation, etc. External contextual information is that which cannot be gotten
from the text of the document itself, such as: its place of origin, its present physical position,
where it was published (if appropriate), routing record (who has seen it), what activities it has
been used in, who is responsible for it, its level of confidentiality, etc.

It is important to note that the distinction between content and context descriptions is very
rough, and often not at all simple and straightforward. Sometimes a description can refer to
content or context. For example, when a book in the library is described as being about
“American History” such a description can be taken as a reference to the book’s intellectual
content. But such a description could also mean that the book is physically located in the
“American History” section of the library. In the latter case, it is a context description. ° It is also
the case that content descriptions can vary in their determinacy: for example, certain normative

1 am indebted to Scott Serich of the George Washington University for this example.
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scientific nomenclatures, such as the names of biological flora or fauna, can identify document
content more precisely than, say, the descriptions of the subject content of a series of political
essays. Nevertheless, there is enough difference in the determinacy of content and context de-
scriptions, in general, to illustrate the range of determinacy in representing intellectual content.
But for the purpose of making some basic distinctions in document retrieval even a rough dis-
tinction between context and content descriptions will be useful. Those who are interested in the
complexity of intellectual content would do well to consult Wilson’s Two kinds of power: An essay
on bibliographical control (Wilson, 1968), as a first source.

Why do we need to distinguish between content and context descriptions — between our
examples of highly determinate and less determinate representations? By definition, all docu-
ment retrieval searches are “content searches” — their goal is to find documents which contain
certain specific information. But the process of describing the content of a document (usually
called “‘subject indexing”) is, at best, an imprecise process (Blair, 1986), and empirical evi-
dence for this imprecision has been around a long time (Zunde & Margaret, 1969). Hence,
exhaustive document searches based on content descriptions are often difficult, while sample
searches based on content descriptions have a better chance of success, all other things being
equal. As a result of this indeterminacy of content representation (or when content descrip-
tions are not available for searching), many document searches are based on context de-
scriptions. “Context searches™ are inferential in nature. For example, an inquirer might infer
that the information he wants is likely to be in a letter written by ““Steven Dedalus™ in June
or July of 1990, so he retrieves the set of letters with this author and these dates and looks
through them. This a context-based search. The advantage of context descriptions is that they
do not suffer from the same high level of indeterminacy that content descriptions do — for
example, one can usually identify the author, date, or type of a document with a higher
certainty than one can identify its intellectual content or subject. The trade-off for context
descriptions is that there is usually no direct connection between a context description and
the intellectual content of the described document — all such connections are inferential in
nature and usually must be made by the inquirer. An individual may be able to make such
inferences for a document collection that he is intimately familiar with (such as his own
message file), but not for one with which he is not.

One might infer that because context descriptions identify a document more precisely than
content descriptions we would want to use “only context” descriptions to represent documents.
This would be a valid inference if determinacy of representation were always a virtue. Unfortu-
nately, it is not. An ISBN certainly identifies a published book uniquely, but it would not usually
be a good starting point for a book search for the obvious reason that most people do not know
the ISBNs of books that they want. ISBNs are useful when someone wants to order a specific
book, but the individual usually starts with the title and author of a specific book and uses that to
find out its ISBN.

The perceptive reader will see that the determinacy of representation is the most important
factor in the data:document distinction, which we discussed earlier (supra). All the differences
between data retrieval and document retrieval enumerated above are caused, in whole or in part,
by contrasting levels of determinacy of representation (Blair, 1999). Data retrieval systems usually
have highly determinate representations, while document retrieval systems have less determinate
representations for intellectual content.
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10. A framework for document/text retrieval

Fig. 2 gives the basic framework for document retrieval broken down by database size, search
type (exhaustivity/sample), and the level of representational determinacy (content/context). This
framework breaks down document retrieval into eight classes. An example of the type of retrieval
for each class would be:

1. (Large DB: exhaustive: content) Corporate Litigation Support. (“Did the defendants write any-
thing objecting to the contract changes?”)

Research and Development. (““What work has been done in the industry on Widget develop-
ment?”’)

Patent Searching. (“Is there already a patent existing for the type of product we are propos-
ing?”’)

2. (Large DB: exhaustive: context) Competitive Strategy. (“How is Ajax, Inc. perceived publicly?
Give me all NYTimes/WSJournal articles since January 1997 that mention Ajax, Inc.”)

3. (Large DB: sample: content) Marketing Survey. (“I'd like to know how consumers perceive
Ford’s new line of cars. Give me some articles in a variety of publications in which these con-
sumers are interviewed, or their views are tabulated.”)

4. (Large DB: sample: context) Business Intelligence. (“What have the Wall Street Journal editori-
als been primarily concerned with, lately? Get me copies of some recent ones.”)

5. (Small DB: exhaustive: content) Personal Word Processing Search. (““‘Give me copies of all the
documents which Madeline has written in which she discusses new product development.”)

6. (Small DB: exhaustive: context) Personal Word Processing Search. (““Give me all the letters
which Bill wrote to Blazes Boylan, Assoc.”)

7. (Small DB: sample: content) Electronic Message Search. (““What kinds of issues was Deasy deal-
ing with before he left the company? Get me copies of some of his recent messages.”)

Document Retrieval

Large Document Small Document
Collection Collection
Exhaustive Sample Exhaustive Sample

AN AN ANYA

Content Context Content Context Content Context Content Context
1 @ 6 @ G 6 @7 (8

Fig. 2. The document retrieval framework.
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8. (Small DB: sample: context) Correspondence Search. (“Whom did we write to at Blazes Boylan,
Assoc.? Get his/her name and address.” (That is, find any recent letter to BB, A.))

11. Degrees of difficulty

What can we say comparatively about these eight classes of document searching? In general:

A Exhaustive content searches are more difficult than sample searches

B Searches for precise intellectual content on large document collections are usually more
difficult than searches for the same material on small document collections, ceteris paribus

C Content searches based on descriptions of low determinacy are usually less precise than those
based on descriptions of high determinacy (e.g., context), ceteris paribus

The comparative influence of these three factors is that database size probably influences the
success of a search the most, while exhaustivity is the next most influential factor, followed by the
determinacy of representation, though this may vary from system to system. By inference, then, we
can say that the most difficult searches would probably be searches 1 and 2 (above), while the
easiest would be 7 and 8. These are rough classifications, of course, and certainly there are other
factors that can affect the success of searching in individual cases — a large system with a well-
designed logical structure, such as Medline, may be easier to search for intellectual content than a
small one that is sloppily or idiosyncratically designed; and a clever, experienced searcher may be
able to overcome some of these problems and conduct successful searches on even very large
systems. Still, they will probably have a harder time with searches of type 1 than those of type 8.
But, all things being equal, this framework gives us a sense of at least some of the major factors
other than recall that can affect the ease of access to intellectual content.

12. Conclusion

The thesis of the first part of this two-part article has been that document retrieval is a complex
process which is strongly influenced by at least three major factors: the size of the document
collection; the type of search (exhaustive, existence or sample); and, the determinacy of document
representation. Collectively, these factors can be used to provide a useful framework or taxonomy
of the major kinds of document searches. Such a framework helps to highlight the fundamental
issues facing the design of commercial document retrieval/management systems, and may be
particularly useful when thorough tests of retrieval effectiveness — such as recall measures — cannot
be performed.The consequences which these factors can exert on the system design process are
discussed in the second part of this series.
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Appendix A. How many words are in natural language?

There is no theoretical upper limit to the number of distinct “words” that can occur, and no
tests of sufficiently large bodies of text have been conducted to give evidence for a practical limit.
Still, it may be hard to believe that the number of distinct words will continue to grow as long as
the body of text grows. Some evidence that the upper limit of distinct words, if it exists, is at least
above 600,000 is provided by the ORACLE “ConText” system. ConText is an automatic doc-
ument representation/indexing system that has a built in lexicon of over 600,000 words and
phrases. In the first version of ConText (ca. 1996) no provisions were made to expand the size of
the vocabulary beyond 600,000, but it quickly became clear that as extensive as a 600,000 item
vocabulary is, it is still not large enough to capture all the different words that might be useful in
retrieval. To this end, subsequent versions of ConText have the capability for the users to add
additional vocabulary to the system as they see fit, thus extending the vocabulary of document
representation beyond 600,000.

The rate in which new words appear in everyday speech is often underestimated, though we all
have some familiarity with the introduction of slang into language. Nevertheless, the addition of
new words to everyday speech when considering all the topics a large document retrieval system
might cover, may be substantial. Certainly, new proper nouns, and acronyms made out of proper
nouns, will be added to a vocabulary regularly. For example, while the words in the company
name Advanced Micro Devices, are not new, the name of the company and its acronym, AMD,
represent an addition to our vocabulary. Even the number of entirely new words, or slightly
changed versions of old words, may grow more rapidly than anticipated. For example, consider
the neologisms which corporate America has coined to talk about “downsizing” companies: in-
stead of being “fired”, layed-off workers have been variously referred to as having been:

decruited

de-hired

deselected

destaffed

disemployed

downsized

nonretained

nonrenewed

surplussed

transitioned
In the same manner, “layoffs” have been variously referred to as:

degrowing

executive culling

7 ORACLE: http://www.oracle.co/products/context/html/context.html
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riffing (“‘rif”” = “reduction in force™)

refocusing the skill mix

right-sizing

payroll adjustment [New York Times]
The creativity and complexity of language indicates that if there is an upper limit to the size of the
vocabulary used in a large document collection covering a range of topics, that upper limit may be
very high, certainly higher than we have measured so far.
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