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IH This article provides an
up-to-date review.

—T1—he field of information re-
trieval is concerned with
the representation, stor-
age, and retrieval of heter-
ogeneous textual informa-
tion. Information retrieval
systems are distinct from
database management
systems, which process structured
data, and expert systems, which
make inferences about highly or-
ganized data. While information
retrieval systems can be integrat-
ed with these other types of sys-
tems, the chief goal of research in
this field is to develop methods to

What's happening in the field
of imformation retrieval?

represent and query diverse col-
lections of textual resources, such
as journal articles, textbooks, and
more recently, hypertext.
Because of the heterogeneity
of the data stored in information
retrieval systems, they are not de-
signed to provide the knowledge
sought in a user’s query directly.
As Lancaster has stated, an infor-
mation retrieval system does not
inform the user on the subject of
an inquiry; it merely indicates the
existence (or nonexistence) and
whereabouts of documents relat-
ing to this request [1]. With the
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decreasing prices of powerful
hardware and the increased stor-
age capacity offered by CD-ROM
drives, documents can often be lo-
cated on the same machine as the
information retrieval system.

THE PROCESS OF INFORMATION
RETRIEVAL
In his book on the field of informa-
tion retrieval, Salton [2] provides a
functional model of an information
retrieval system (Fig. 1), composed
of a set of items of information
(DOCS), a set of requests (REQS),
anindexing language (LANG), and
a function (SIMILAR) to deter-
mine which, if any, of the items of
information match the requests.
Indexing is the process by
which descriptors of the items of
information are chosen. These de-
scriptors are part of the indexing
language, which contains all the
allowable words or terms that a
user can specify in requests for
information. The types most com-
monly used in commercial systems
are a controlled vocabulary of
terms and a collection of all words
that occur in the items of informa-
tion. Once the items of information
have been represented by the in-
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dexing language, the user can re-
trieve them by formulating a
search in that language. The
search request is usually stated
with terms and Boolean operators.
In addition, some systems allow
specification of a word’s position in
relation to other words. Once the
search has been formulated, the
SIMILAR function provides a list
of items of information (DOCS)
that match the items that the user
has specified (REQS) in the index-
ing language (LANG).

EVALUATION OF RETRIEVAL

There have been studies devoted
to evaluating various methods of
indexing and retrieval. A theoret-
ical framework for evaluation was
developed by Fidel and Soergel [3],
who grouped the variables in
searching into seven categories:
the user, the request, the data-
base, the search system, the
search intermediary, the search
process, and the search outcome.
While most of these variables are
related to system users and avail-
able content, the performance of
different indexing and retrieval
strategies is usually measured in
terms of recall and precision. Re-
call measures the proportion of
relevant items in the document
collection that are retrieved by a
search, and precision measures
the proportion of retrieved items
that are relevant. These propor-
tions are calculated by the follow-
ing equations [4]:

Recall =
number of relevant items retrieved

number of relevant items in collection

Precision =
number of relevant items retrieved

total number of items retrieved

These measures are analogous
to sensitivity and specificity, the
variables used to describe the util-
ity of medical testing. (Precision is
actually equivalent to positive pre-
dictive value.) Just as a diagnostic
test with high sensitivity will iden-
tify almost all patients who have a
disease, even at the expense of
identifying some who do not, an
information retrieval system aim-
ing for high recall will retrieve
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Figure 1. Functional model of information retrieval (adapted from Salton [2]).

almost all documents that are rel-
evant, even at the expense of re-
trieving some that are not. Like-
wise, just as a diagnostic test with
high specificity will exclude most
patients who do not have a dis-
ease, even at the expense of miss-
ing a few who do, an information
retrieval system aiming for high
precision will retrieve as few irrel-
evant documents as possible, even
at the expense of missing a few
that are relevant. Furthermore,
just as setting the normal range of
a medical test requires a tradeoff
between sensitivity and specific-
ity, the nature of information re-
trieval systems requires the
searching process to be a tradeoff
between precision and recall. If a
system is designed to retrieve as
much as possible on a given search
term (higher recall), then irrele-
vant documents will be retrieved
(lower precision). This type of sys-
tem would be most useful for a
researcher who was seeking all the
relevant information on a topic.
On the other hand, someone who
was simply seeking a general re-
view of a subject would be better
served by a system designed to
retrieve as few irrelevant docu-
ments as possible (higher preci-
sion), with some relevant docu-
ments being missed (lower recall).

CONVENTIONAL SEARCHING
METHODS

The original and still most widely
used format for organizing online

databases is the format of bibli-
ographic citations. Each reference
is organized into “fields,” such as
author, title, keywords, and
source. This is similar to the orga-
nization of a database manage-
ment system, although the fields
are less highly structured and the
individual words in them can be
searched. In a database manage-
ment system such as dBASE III
(Ashton-Tate Corporation), only
the entire item in a particular field
can be searched. Recently, data-
base vendors have begun to offer
full-text searching, which is the
ability to search freely over the
entire text of an article, report, or
book.

Bibliographic Citation

Searching a database of bibli-
ographic citations is usually done
with one or more fields of each
record. The most important field
generally consists of the article’s
keywords, which contain descrip-
tors of the content in the record.
These keywords have usually been
designated by an expert human
indexer. Keyword-based informa-
tion retrieval systems use a vocab-
ulary consisting of words and
phrases that serves as the index-
ing language to represent the con-
tent of the records. The indexing
language is usually a controlled
vocabulary, in which each term is
represented in a fixed way. Some
controlled vocabularies contain
synonyms that lead to preferred
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terms. In the MeSH (medical sub-
ject headings) vocabulary, for ex-
ample, both “hypertension” and
“high blood pressure” occur, with
“hypertension” being the pre-
ferred term. Some vocabularies
also have a hierarchical organiza-
tion.

One of the most famous bibli-
ographic databases is Medline [5].
Created and maintained by the
National Library of Medicine
(NLM), Medline contains bibli-
ographic references from 3300
journals dating back to 1966.
There are now 6 million references
in the Medline database, with
about 350,000 new entries each
year.

The main method of searching
Medline is by the use of MeSH
terms, which make up the index-
ing language for the database.
MeSH is a controlled vocabulary
consisting of 16,000 terms, called
“headings,” and 12,000 synonyms
for the headings, called “entry
terms.” MeSH has a hierarchical
organization based on 15 “tree
structures,” such as “Anatomy,”
“Chemicals and Drugs,” and “Dis-
eases.”

MeSH has features that en-
hance recall and precision. One
such feature is the “explode” func-
tion, which allows the user to spec-
ify a term and have all the terms
underneath it in the tree added to
the search. This function has the
effect of improving recall because
more possibly relevant articles
will be retrieved. In addition, the
MeSH vocabulary contains 76
“subheadings” that can be added
to MeSH terms to increase their
specificity. For example, one can
add the subheading “diagnosis” to
the term “acquired immunodefi-
ciency syndrome” and thus re-
trieve articles on the diagnosis of
AIDS (and not other aspects of the
disease, such as its treatment).
This has the effect of enhancing
precision because fewer irrelevant
articles will be retrieved.

The indexing process for Med-
line is entirely manual. Human in-
dexers use a detailed procedure to
designate MeSH terms and sub-
headings [6]. The indexer spends
an average of 15 minutes per arti-
cle, at an average cost to the NLM
of $4.17 per article (Wright N: per-
sonal communication). Indexing

the 350,000 references added to
Medline annually requires about
44 full-time-equivalent indexers at
a cost of $1.4 million.

Medline also allows searching
with other fields, such as author,
source, and year of publication.
Other systems offer the ability to
search titles and abstracts using
partial string searching. Some da-
tabase vendors, such as BRS (BRS
Information Technologies) and Di-
alog (Dialog Information Serv-
ices), enhance Medline (and other
databases) by allowing searching
of titles and abstracts using par-
tial string searching as well as po-
sitional operators, which enable
the user to specify the position of
words in a search of a field. BRS
features the ADJ operator, which
requires that words on either side
of it occur adjacently. For exam-
ple, if the query “asymptomatic
ADJ AIDS” is applied to the ab-
stract field, only articles with the
phrase “asymptomatic AIDS” in
the abstract will match. Dialog has
a similar feature but allows speci-
fication of the number of words
between terms. For example, the
query “asymptomatic (5W) AIDS”
would matceh references in which
“asymptomatic” and “AIDS” oc-
curred within five words of each
other.

Medline is not the only medi-
cal database that uses MeSH. An-
other is the Health Planning and
Administration database (Ameri-
can Hospital Association). In addi-
tion, MeSH is not the only vocabu-
lary used for indexing databases.
For example, the Biosis database
(Biological Abstracts, Inc.), which
includes references to government
documents, conference proceed-
ings, and monographs as well as
articles, uses an indexing vocabu-
lary that is markedly different in
organization and style from
MeSH.

Full-Text Retrieval

The other major method available
for searching commerecial databas-
es is full-text retrieval. In systems
using this approach, there is no
controlled vocabulary. Rather, ev-
ery word that appears in the text
is designated as an indexing term,
and thus all the words that occur
in the database make up the index-
ing language. The indexing proc-

ess is essentially the process of
creating an inverted file of all
words in the database, with each
word containing a pointer to each
item of information in which it oc-
curs. Searches are usually formu-
lated with words, Boolean opera-
tors, and positional operators. An
increasing number of medical text-
books and journals are offered as
full-text databases by vendors
such as BRS and Dialog.

Another well-known full-text
retrieval system is IBM’s Storage
and Information Retrieval System
(STAIRS) [2]. This system does not
come with preexisting databases;
the databases must be supplied by
the user. Text is indexed into stan-
dard inverted files. Items of infor-
mation are retrieved by queries
that, in addition to Boolean opera-
tors, have the operators ADJ for
requiring terms to be adjacent,
WITH for requiring terms to be in
the same sentence, and SAME for
requiring terms to be in the same
paragraph. In addition, a SYN op-
erator allows the user to designate
word pairs or groups as synonyms.
The program also offers the ability
to rank retrieved documents,
which is done by calculating
weights for terms in the query.
Retrieved documents are then
ranked according to the sum of the
weights of all terms that were in
the query. There are various
weighting algorithms; the formula
for one is as follows: Value of term
t = frequency of term ¢ in docu-
ment d X frequency of term ¢ in
retrieved set/number of docu-
ments retrieved with term ¢.

Limitations of Conventional
Systems

Conventional information retriev-
al systems are helpful to end-
users, but have a number of limi-
tations. A common complaint
about both keyword and full-text
systems is that they are difficult to
use. The Elhill program that the
NLM provides to search Medline is
cryptic and unforgiving. Fortu-
nately, over the past decade, more
user-friendly systems have been
developed. The first of these was
PaperChase [7], which has a user-
friendly menu-driven interface.
PaperChase includes a function
that finds MeSH headings on the
basis of words entered. It permits
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permutations of authors’ names
and MeSH headings, it provides
automatic word completion and al-
gorithms to handle variations in
spelling, and it continuously mon-
itors the user’s searching strategy
and makes suggestions for im-
provement. Another system,
Grateful Med [8], provides a front
end to the NLM’s program for
searching Medline and other data-
bases. Grateful Med also offers the
ability to compose and evaluate a
search offline.

Another area that causes
problems is formulating Boolean
searches. Borgman [9] has docu-
mented user errors such as confu-
sion of the logical OR with the
logical AND and performing a log-
ical AND with empty lists. Sewell
and Teitelbaum [10] note that the
majority of end-users tend to use
only the logical AND in their
searching.

An additional limitation with
conventional systems is that the
matching documents from a
search are not ranked in any way.
Often a search will generate tens
or hundreds of matching docu-
ments, and the user will be re-
quired to inspect each one to deter-
mine whether it contains useful
information. PaperChase ranks
documents according to the quali-
ty of the journal in which they are
published [11]. The Knowledge
Finder CD-ROM system (Aries)
ranks the output according to how
well items match the query (e.g.,
have the most matching search
terms). Rada and Bicknell [12]
have looked at using distances in
the MeSH tree to rank documents
retrieved, aiming to put the docu-
ments deemed most relevant to
the user’s query in the most prom-
inent position. Many of the re-
search systems described below
employ ranking strategies.

Other limitations occur in sys-
tems based on keywords. Salton
[13] argues that human indexing is
expensive and leads to inconsis-
tent results. Funk and Reid [14]
studied consistency in Medline in-
dexing, looking at the correlations
between the indexing terms cho-
sen for 740 articles that were, for a
variety of reasons, indexed more
than once. They found that cen-
tral-concept main headings (MeSH
terms that are followed by an as-

SNOMED

SYNONYMOUS TERMS FROM MeSH AND

Table 1

MeSH Term

Acute yellow atrophy
Arenaviridae
Baritosis

Facial hemiatrophy
Facial nerve
Homosexuality
Islands of Langerhans
Leukemia, myelocytic
Ross River virus

Round window
Scleroderma, systemic
Subacute sclerosing
panencephalitis
Sturge-Weber syndrome

SNOMED Term

Atrophy, acute yellow
LCM group virus
Barium lung disease
Romberg’s syndrome
Seventh cranial nerve
Homosexual state
Islets of Langerhans
Myeloid leukemias
Epidemic Australian
polyarthritis
Cochlear window
Generalized scleroderma
Dawson’s encephalitis

Encephalotrigeminal
angiomatosis

terisk in Medline, indicating a
highly important term for the doc-
ument) were consistently chosen
61.1% of the time, whereas main-
heading and subheading combina-
tions were consistently chosen
only 33.8% of the time. Crain [15]
evaluated NLM indexers with a
think-aloud protocol analysis, not-
ing that in many instances they
did not follow the cognitive pro-
cesses specified in the indexing
protocols. Crain also found that
the MeSH terms selected varied
with the indexer.

Keyword indexing is also ex-
pensive, in both time and dollars,
as suggested by the costs associat-
ed with indexing Medline. Because
the medical literature contains
only a small portion of the avail-
able and useful medical informa-
tion, this problem will be exacer-
bated as more information re-
sources are added to computer-
based information systems. CD-
ROM disks that contain much
information beyond bibliographic
references are already available.
Compact Library: AIDS (Medical
Publishing Group of the Massa-
chusetts Medical Society), for ex-
ample, contains an electronic text-
book and a statistical database in

addition to bibliographic refer-
ences. Most of these CD-ROM sys-
tems use full-text retrieval meth-
ods.

Another problem with key-
word systems is that so many med-
ical vocabularies are used by the
various commercially available da-
tabases. Most of these vocabular-
ies require reference material as
large as the Boston telephone
book. Not only do they contain dif-
ferent terms, but their indexers
apply terms as keywords in differ-
ent ways. In addition, there are
even more medical vocabularies
used for patient records (e.g.,
SNOMED [16]), patient billing
(e.g., ICD-9 [17]), and expert sys-
tems (e.g., Quick Medical Refer-
ence [18]). Table 1 shows how syn-
onymous terms can be expressed
in different vocabularies.

In an effort to overcome this
problem, the NLM initiated the
unified medical language system
project [19]. The goal of this proj-
ect is to create a “metathesaurus”
that will allow translation of terms
between different vocabularies.
The first version, Meta-1, is now
available for research use. For in-
formation retrieval systems, ven-
dors will be encouraged to map the
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TERM WEIGHTING

INVERSE DOCUMENT FREQUENCY FOR

log2

Inverse document frequency of term k =

Number of documents in collection

+1

frequency of term k

Number of documents in which term k occurs

Term weight of term k in document i =

Frequency of term k in document i x Inverse document

Figure 2. Inverse document frequency for term weighting.

terms in their vocabularies to
Meta-1, thus allowing the creation
of more generalized searching in-
terfaces based on its preferred
terms.

While full-text retrieval does
not have the problems associated
with keyword systems, it has prob-
lems of its own. Full-text retrieval
systems are highly dependent on
the way the user enters terms.
Blair and Maron found that these
systems generally have high preci-
sion but low recall [20]. They tend
to require the user to anticipate all
the synonyms of a word that might
be used. For example, to ensure
that all articles on the treatment
of a certain type of pneumonia are
found, the user may have to enter
the names of all the antibiotics
that are possibly used for it, in
case the article does not contain
general terms such as “antibiotic.”
These systems are also limited by
the fact that many of the words
that appear in documents do not
accurately represent the major
points under discussion. For exam-
ple, an article containing the word
“lead” used as a verb would be
retrieved when a user was search-
ing for topics on the chemical ele-
ment lead.

RESEARCH SYSTEMS

The limitations of keyword sys-
tems, particularly the expense and
inconsistency of human indexing,
have led to research on informa-
tion retrieval systems that per-
form automatic indexing. The
ground-breaking work in this area
was done by Luhn [21], who sug-

gested in the late 1950s that com-
puters could be used to analyze
the content of text. Luhn observed
that the words in a document
could be classified into three cate-
gories based on whether they oc-
curred with high, medium, or low
frequency. Terms of high frequen-
cy, such as “and” and “the,” im-
part no resolving power—that is,
no ability to identify relevant doc-
uments and distinguish them from
irrelevant documents. Terms of
low frequency also have little re-
solving power, whereas terms of
medium frequency, Luhn discov-
ered, have the most.

These observations led to re-
search on the use of automated
methods to select indexing terms.
Although it was initially thought
that automatic indexing would re-
quire a great deal of understand-
ing of the syntactic and semantic
information in documents, most of
the success achieved has been
with systems based on analysis of
word frequencies. However, recent
advances in knowledge-based sys-
tems and natural-language proc-
essing have improved the ability
to handle syntactic and semantic
information in processing text,
and workers in this area hope that
these advances can be translated
into improved indexing and re-
trieval.

Other early workers noted
that term weighting was useful in
measuring the value of words as
indexing terms. Sparck Jones [22]
defined the “inverse document fre-
quency,” which calculates the in-
verse proportion of documents in

which a term occurs. With his ap-
proach the weight assigned to
each term in a document is based
on the product of the term’s fre-
quency in that document and the
inverse document frequency, as
shown by the formula in Figure 2.
This gives the highest value to
terms that occur infrequently in
the collection but frequently in the
individual document.

Vector-Based Systems
Salton et al. [23] noted that resolv-
ing power as described by Luhn
[21] was a function only of how
frequently a word occurred, lead-
ing them to introduce the concept
of “term discrimination value,”
which measures the degree to
which terms help to discriminate
documents from each other. Salton
found that for any two documents
in a collection, such as Di and Dj,
one could calculate a function,
SIMILAR(Di,Dj), that represent-
ed their similarity on the basis of
words that occurred in them. One
could then calculate the AVER-
AGE-SIMILARITY function,
which would give a measure of the
density of the document space, or
how much the documents were
bunched up in the document space.
The term’s diserimination value
could then be measured by remov-
ing the term from the documents
and subtracting the AVERAGE-
SIMILARITY for the collection
with the term present from the
AVERAGE-SIMILARITY for the
collection with the term removed.
If a term occurs in many of the
documents in a collection, its re-
moval will decrease the average
document-pair similarity. High-
frequency terms such as this have
a negative discrimination value,
which has the effect of increasing
average similarity when the term
is added. They are thus poor dis-
criminators and are not used as
indexing terms. When terms are of
medium frequency, on the other
hand, their removal will increase
the average document-pair simi-
larity. These terms have a positive
diserimination value, which has
the effect of decreasing average
similarity when the term is added.
Terms of low frequency usually
tend to have little effect on aver-
age similarity and have discrimi-
nation values close to zero. The
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decision to include these words as
indexing terms is based on wheth-
er the system will emphasize pre-
cision, which is reduced by their
removal. For the terms that are
kept as indexing terms, weights
are calculated as the product of
the term’s frequency in a particu-
lar document and its discrimina-
tion value.

Before the term-weighting
process begins, steps can be taken
to make automatic indexing more
efficient. The first step is to elimi-
nate high-frequency noise words,
such as “and,” “the,” and “also,”
which are kept in a stop list. Ac-
cording to vanRijsbergen, 250
words should be included in this
list [24]. Another step is to use a
“stemming algorithm,” which re-
moves common suffixes, such as
“tion,” “ing,” and letters making a
word plural. Reducing words to
their stem forms in this way en-
hances recall. Lovins developed
one of the first frequently used
stemming algorithms [25], and
Porter [26] developed a simpler one
that performs just as well. Effi-
ciency is also increased by index-
ing document abstracts only. Sal-
ton et al. [23] found that recall and
precision were identical whether
the full text of a document or only
its abstract was used.

In a typical automatic index-
ing scheme, the steps described
above are followed by calculation
of the term discrimination values.
Terms with negative values are
then eliminated, so that only
terms that discriminate between
documents are left in the indexing
language. For each document, an
array consisting of the number of
words remaining as indexing
terms is created, with each ele-
ment consisting of the term
weight. This array can also be
thought of as a vector multidimen-
sional space, with the length in
each dimension equal to the term
weight. In addition to the docu-
ment vectors, term vectors can be
created, in which each dimension
represents a term’s weight for a
given document.

Because this approach uses a
completely uncontrolled vocabu-
lary, there is no way to specify
synonymous words. Salton does,
however, describe a method of con-
structing a thesaurus automati-

VECTOR COSINE FORMULA

COSINE of document i for query j =
3, Weight of term k in document i x Weight of term k in query j

V3 (Weight of term k in document i)? x = (Weight of term k
in query j)*

Figure 3. Vector cosine formula.

cally, on the basis of similarity
measures between term vectors
[23]. Low-frequency terms are
grouped together, which increases
the discrimination values of each
term. This leads to improved recall
because more documents contain-
ing the same words will be re-
trieved.

Another way to enhance per-
formance is to combine high-fre-
quency terms into indexing phras-
es. Using statistical, nonsyntactic
methods, commonly occurring
words such as “blood” and “test”
are combined into a phrase such as
“blood test,” which is much more
specific and is likely to be a better
discriminator than either word
alone. This process enhances pre-
cision because only documents in-
dexed by the more specific phrase
will be retrieved.

In Salton’s system querying is
done by entering free text. Each
word in the query is run against
the stop list and stemming algo-
rithm. A query vector is created
for all terms that are found as
indexing terms. This vector has
the same dimensions as the docu-
ment vector, and documents are
matched to the query on the basis
of the cosine measure of the vec-
tors in multidimensional space. As
with the trigonometric cosine, an-
gles between vectors that are more
similar have a higher cosine. The
formula for calculation of the vec-
tor cosine is shown in Figure 3.
Documents retrieved by this ap-
proach will reflect the terms in the
query and will be ranked in order of
their cosine. Thus, the documents
that match the query most closely,
which are presumably closest to
what the user has sought in the
query, will be ranked highest.

Once the initial querying has
been completed, performance can
be further improved by the use of
“relevance feedback,” in which the
user indicates whether or not the
documents retrieved are relevant,
leading the system to reformulate
the query. Typically, the system
will add weight to words that occur
mostly in relevant documents and
remove weight from words that
occur in irrelevant documents. Wu
and Salton observed a 30 to 50%
improvement in recall and preci-
sion with this method [27].

At first glance Salton’s meth-
ods, which are based on word fre-
quencies without the benefit of a
controlled vocabulary and syn-
onyms, seem nonspecific. But stud-
ies of recall and precision have
consistently shown that these
methods perform as well as con-
ventional systems, if not better.
Salton showed that the automated
indexing process with ranked out-
put and an automatically generat-
ed thesaurus performed as well as
standard Boolean searches from
Medline [28]. When relevance feed-
back was added, the automated ap-
proach showed a 15 to 30% im-
provement.

Probabilistic Systems

Probabilistic information retrieval
systems represent another type of
research approach. Instead of us-
ing vectors and query-document
similarities, these systems are
based on probabilistic measures
for term weighting and document
ranking. The IRX system of the
NLM, for example, is an experi-
mental method with a modular ap-
proach, allowing different term
weighting measures, stop lists,
and stemming algorithms to be
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THE ORIGINAL AND STILL MOST WIDELY
USED FORMAT FOR ORGANIZING ONLINE
DATABASES IS THE FORMAT OF
BIBLIOGRAPHIC CITATIONS.

used and evaluated [29]. Indexing
is done by calculating term
weights for all words not on the
stop list. For retrieval, all docu-
ments containing one or more
words in the query (minus stop
words) are given a score, based on
the sum of the term weights from
the terms that occur in the query.
These documents are then ranked
and presented to the user, with the
documents matching the query
best at the top of the list.

Fuhr’s probabilistic system
[30] uses more factors for term
weighting than just the inverse
document frequency or term dis-
crimination value. Term weights
are calculated by a number of fac-
tors, such as whether the term
occurs in the title rather than the
abstract (the former gets twice the
score), whether the term is a stem
form, and the maximum frequency
of the term in any document in the
collection. Croft has devised a
probabilistic system that uses a
Bayesian approach, based on the
probability that a document is or is
not relevant for a given word [31].

Linguistic Systems

Although the performance of vec-
tor and probabilistic systems is un-
matched among research systems,
theoretical issues suggest that the
use of linguistic methods might
improve indexing and retrieval
further. Linguistic systems are
based on advances in natural-
language processing, with the un-
derlying theme being the idea that
indexing is based on concepts in-
stead of terms, which are just
string-form representations of
concepts. That is, the concept
“high blood pressure” has several
terms that can describe it, such as
“high blood pressure,” “ hyperten-
sion,” and “elevated blood pres-
sure.” Indexing by concepts theo-
retically allows a much richer va-
riety of words to be used to capture

concepts for indexing and match
them in retrieval. The indexing
language consists of actual con-
cepts (usually represented in a se-
mantic network), which can be ex-
pressed in diverse string forms.

Some definitions of linguistic
terms may be helpful at this point.
The “syntax” of words is their
grammatical category, such as
noun or verb. Syntax indicates
how words can be arranged to
form grammatically correct sen-
tences. “Parsing” is the process
whereby sentences and phrases
are broken down into syntactic
categories. The “semantics” of a
word or phrase is its meaning, and
a “semantic network” is a network
of concepts and the allowable rela-
tionships between them. For ex-
ample, the concepts ‘“penicillin”
and ‘“pneumococcal pneumonia”
have a relationship, “treatment,”
between them.

Some linguistic systems use
syntax to recognize concepts. Fa-
gan [32] developed a syntactic ap-
proach based on natural-language
processing techniques that used
parsed noun phrases as indexing
units. However, studies of recall
and precision showed that nonsyn-
tactic statistical approaches per-
formed better. In an evaluation of
the failure of the syntactic ap-
proach in Fagan’s study, Salton
and Smith [33] noted problems
with ambiguous parsing, parsing
of meaningless phrases, and an in-
complete vocabulary, showing
that natural-language processing
for information retrieval based on
syntax alone was problematic.

Others have attempted to use
more semantic information for
natural-language processing.
Croft and Lewis [34] developed a
program based on “case frames,”
collections of lower-level concepts
and relationships between them
that signified higher-level con-
cepts. The system was akin to the

traditional approach to natural-
language processing, which is lim-
ited at present to very narrow do-
mains. Other problems included
the difficulty of building case
frames for large domains and of
capturing all domain knowledge in
case frames.

In the Linguistic String Proj-
ect, Sager et al. [35] captured a
considerable amount of semantics
by limiting the domain and the
type of language processed. Their
system processed medical records,
which could then be stored in a
conventional database. Its success
was largely due to the fact that
medical records are written in a
terse and repetitive style, simpli-
fying the tasks of syntactic and
semantic analysis. The approach
proved difficult with other types of
textual information, such as bibli-
ographic citations, in which sen-
tence variation was more pro-
nounced and complex knowledge
bases were required for semantic
evaluation.

Evans has attempted to over-
come the problems of slow per-
formance and limited domains
through the use of restricted lin-
guistic methods [36]. Abandoning
the goal of complete syntactic and
semantic understanding of text,
his system uses selected amounts
of syntax and semantics to recog-
nize concepts for indexing. The
main function of the parser in this
system is to recognize noun phras-
es, which represent the concepts in
the text.

Another way of using phrases
as index terms has been to map
words and phrases that occur in
documents into an existing dictio-
nary. Biebricher et al. [37] used a
database containing abstracts in
physics and a large dictionary of
terms. A statistical approach to
mapping words in the abstracts
and queries into terms in the die-
tionary was devised on the basis of
string-matching.

Another approach to concept-
based indexing is to use a “dis-
crimination network” to map
phrases into concepts represented
by preferred terms. This approach
uses a branching pathway
through a network to identify the
most specific terms in a string. It
was first described by Shoval [38]
and was subsequently used for inJ

308 M.D. COMPUTING




dexing and retrieval from a neuro-
pathology database [39]. This
method requires the existence of a
vocabulary with preferred terms
and their synonyms. We have en-
hanced Shoval’s approach by in-
9reasing the variety of synonyms
it can handle [40]. We added a
stemming algorithm to create a
concept-matching algorithm on
which we based a system that used
probabilistic measures applied to
concepts instead of terms.

Other workers have attempted
to use semantic relationships to
represent the contents of docu-
ments in a more knowledge-based
fashion. Miller et al. proposed to
enhance Medline searching by
identifying semantic relationships
between MeSH terms, aiming to
extend the relationships implicit
in MeSH subheadings [41]. They
initially identified relationships
that could apply to MeSH terms
(such as disease X causes or pre-
disposes to disease Y, and treat-
ment X treats disease Y) and then
used these relationships in revis-
ing the indexing of the literature.
Like the use of MeSH subhead-
ings, the use of semantic relation-
ships is an attempt to improve pre-
cision by making the criteria for
retrieval more specific.

Despite the theoretical poten-
tial for improved retrieval with
this approach, there are practical
issues that need to be addressed,
such as whether a comprehensive
set of relationships can be devel-
oped and whether indexers can
identify them in an accurate and
consistent fashion [42]. Some per-
spective on this latter point can be
gained by recalling Funk and
Reid’s finding [14] that consistency
between indexers dealing with
MeSH main concepts and their
subheadings was only 33.8%. In
addition, it is not known how well
users would understand and em-
ploy this type of approach.

RESEARCH WITH MANUALLY
INDEXED SYSTEMS

Manually indexed systems contin-
ue to attract research interest,
with various workers attempting
to improve the indexing and re-
trieval processes, mostly by means
of artificial intelligence. Humph-
rey [43] has developed an interac-
tive expert system designed to

help indexers choose MeSH terms.
Rules are encoded as “procedural
attachments” (or “demons”) to
concepts in a semantic network in
an attempt to mimic the rules in
the Medlars indexing manual. The
rules are activated when a concept
is designated as an indexing con-
cept. The system asks the user for
additional information suggesting
MeSH headings and subheadings
and possibly activating further de-
mons.

Other research on manual sys-
tems has concentrated on the
MeSH vocabulary. As mentioned
earlier, Rada and Bicknell [12]
used the hierarchical relations in
MeSH to devise a scheme for rank-
ing references on the basis of dis-
tances between terms in MeSH
trees. They have used other medi-
cal thesauri to help suggest revi-
sions in MeSH, based on inappro-
priate hierarchical relations in the
MeSH trees.

FUTURE DIRECTIONS
With the many different lines of
research on information retrieval
being explored, it seems safe to
assume that better information re-
trieval systems will continue to
evolve. While conventional manu-
ally indexed and fuli-text systems
will continue to dominate commer-
cial systems, some of the automat-
ed indexing schemes from re-
search efforts will no doubt make
their way into commercial prod-
ucts. Research with manually in-
dexed systems should also add to
the power of commercial systems.
As computer hardware contin-
ues to become less expensive and
more powerful, better perform-
ance and functionality are certain
to ensue. Furthermore, as mass
storage technologies such as CD-
ROM and laser disks improve, in-
creasing amounts of information
will be available through the com-
puter. Improved access to informa-
tion should lead to better medical
care.

[From the Decision Systems
Group, Brigham and Women’s Hos-
pital, Harvard Medical School,
Boston, MA 02115.

We are indebted to Ms. Cindy
Schatz, Reference Librarian,
Countway Medical Library, Harv-
ard Medical School.]




INFORMATION RETRIEVAL

THERE ARE NOW 6 MILLION REFERENCES
IN THE MEDLINE DATABASE, WITH ABOUT
350,000 NEW ENTRIES EACH YEAR.
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