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As more online databases are integrated into digital li-
braries, the issue of quality control of the data becomes
increasingly important, especially as it relates to the
effective retrieval of information. Authority work, the
need to discover and reconcile variant forms of strings in
bibliographic entries, will become more critical in the
future. Spelling variants, misspellings, and translitera-
tion differences will all increase the difficulty of retriev-
ing information. We investigate a number of approximate
string matching techniques that have traditionally been
used to help with this problem. We then introduce the
notion of approximate word matching and show how it
can be used to improve detection and categorization of
variant forms. We demonstrate the utility of these ap-
proaches using data from the Astrophysics Data System
and show how we can reduce the human effort involved
in the creation of authority files.

1. Introduction

There are increasingly more online databases in the cu

able forms for strings in a particular bibliographic field, for
example author or journal name. In this paper, we look at
techniques that aid in detecting variant forms of strings in
bibliographic databases.

Taylor (1984) elucidates two principles of authority con-
trol. The first is that all variants of a nhame will be brought
together under a single form so that once users find that
form, they will be confident that they have located every-
thing relating to the name. The second ensures that a user
will find a name if the catalog has it. Although Taylor’s
study casts doubt on the utility of the second principle, the
first is declared to be the “absolutely indispensable part of
authority control” (Taylor, 1984, p. 15). It is this aspect of
authority control that we are trying to support with the work
described in this paper. More concretely, we are trying to
automate this authority control mechanism to achieve a
transparent facility having the characteristics described by
ﬁ\uld (1982).

rent climate of electronic publishing. The challenge is to

integrate them into coherent digital libraries that let users
have unimpeded access to accurate information. As the pace
of electronic publication accelerates, there will be expand-
ing reliance on automated techniques to aid information
providers as they seek to reach this goal.

For a number of years, there has been a growing empha-
sis on data quality in online databases (O’Neill & Vizine-
Goetz, 1988; Strong et al., 1997). In this paper, we look at
techniques to aid in detecting variant forms of strings in
bibliographic databases. This is called authority work
(Auld, 1982), and results in the creation of authority files
that maintain the correspondence between all of the allow-

*To whom all correspondence should be addressed.

A bibliographic record, together with all variant forms of
each associated heading, would be entered into the sys-
tem. The computer would establish linkages between the
preferred forms of headings and the bibliographic
record. When a user keyed in a known form of a head-
ing, the system would follow the internal linkages and
display the requested item even though the preferred
form of the heading might be quite different from the
form entered] . . .] to the user it would appear that a
direct linkage existed between the form of heading en-
tered and the bibliographic record displayed. The author-
ity control mechanism would be invisible so far as the
user was concerned. (Auld, 1982, p. 327)

Although this is not a new problem (Auld, 1982), it is
increasingly important because of the proliferation of online
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databases and the need to provide effective access to these
esources. The age of digital libraries is dawning rapidly and
will demand efficient solutions as more disparate online
resources are aggregated into cohesive collections. High
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quality data collections are the bedrock upon which ad-canonical forms for text strings occurring in a database of
vanced digital library services will be built, and these ser-bibliographic records. This is a step toward automating
vices will rely on quality for their efficacy. authority control.

Problems arise when bibliographic databases are inte- We are collaborating with astronomers at the Smithso-
grated. For example, the different component databasesan Astrophysical Observatory who have provided us with
might use different authority conventions. Users familiarbibliographic records from the Astrophysics Data System
with one set of conventions will expect their usual forms to(ADS) (Accomazzi et al., 1997). The ADS is an extensive
retrieve relevant information from the entire collection collection of bibliographic data, abstracts, and full text from
when searching. Therefore, a necessary part of the integrastronomy and astrophysics journals and conference pro-
tion will be the creation of a joint authority file in which ceedings. It contains approximately 450,000 entries for ar-
classes of equivalent strings are maintained. These equivéieles from over 1000 journals and conference proceedings.
lence classes can be assigned a canonical form that, ®ome of these sources are indexed beginning in the 1870s.
principle, could be substituted for the original strings in theOur experiments (French et al., 1997b) are performed on a
combined database. In practice, this will generally be im-subset of this database containing approximately 146,000
practical or impossible because of intellectual property conrefereed articles. The experiments reported in this paper are
straints. An institution may be willing to allow searches of performed on a smaller subset of approximately 85,000
its database, but not be willing to give up ownership of therefereed articles that appeared in seven of the largest as-
data or to convert the data to comply with a format used bytronomy and astrophysics journdldhis smaller subset of
another institution. Therefore, component databases ma5,000 articles was used in a bibliographic study of journal
not be physically combined, but instead logically combinedproductivity, and is the database that we will refer to in the
by means of a distributed search mechanism. A mappingest of the paper. These articles were extracted from a
will have to be maintained between searchers and systensmapshot of the ADS taken on September 12, 1997.
that hides this heterogeneity from users. Tools are needed to We use the smaller database here because our data was
automate this process. Techniques that underlie effectivderived from efforts associated with the bibliographic study
tools are the topic of this paper. mentioned previously. The fact that we have limited our

In the remainder of this paper, we describe a particulaconsideration to seven journals has no effect on our results.
instance of authority work, the creation of affiliations for These seven journals exhibit enormous variability in the
authors in the Astrophysics Data System (ADS). Althoughstructure of affiliations, and that is the only issue here.
we describe the techniques within the framework of a par- The astronomy community collects statistics about pub-
ticular application, it is clear that they are more broadlylication in that field, tracking changes in measures such as
applicable to authority work for other bibliographic fields. paper length, general productivity, and institutional produc-
The construction of authority files for fields in bibliographic tivity. Traditionally, such statistics have been gathered by
records is an extremely difficult problem for which it would hand on a necessarily small subset of available documents
be unreasonable to expect a fully automated solution. ManfAbt, 1993; Trimble, 1984). We have been collaborating
ual intervention by domain specialists will be required towith astronomers interested in automatically gathering this
help with certain aspects such as resolving abbreviations anformation using the ADS database as the data source
expanding acronyms; the challenge is to minimize humar{Schulman et al., 1996, 1997a,b). Automatically gathering
interaction. Note that for some domains, it might be possiblestatistics about these electronic documents has allowed a
to incrementally encapsulate the necessary knowledge amduch larger fraction of documents to be considered—it has
thereby require increasingly less human interaction. also presented new challenges. For example, although it is

In the next section, we describe the particular problem taelatively simple to compute statistics such as number of
provide a framework for discussion. We then outline the appapers per journal for each calendar year, statistics involv-
proach and give an overview of the experiments reported. ling authors and their affiliations are more difficult. Before
Section 5, we show how approximate string matching can ba&ve can determine how many papers were written by an
used to help with the problem. We propose approximate woréhdividual or by someone at a given institution, we must first
matching as a mechanism for overcoming some of the remairbe able to reliably identify that individual or institution.
ing shortcomings. We present a comparison of performancBecause the ADS does not currently have a canonical list of
and propose a refinement to strict distance-based approactesthor affiliations, we will need to derive it from the data.
that we have been using in a large-scale application. Finallyrrors and inconsistencies in the data make this challenging.
we conclude with an estimate of the reduction in human effort The larger problem with which we are faced is a lack of
required made possible by our automated approach. authority control in the ADS database. This problem exists

2. The ADS Database—A Case Study 1 The Astrophysical Journalthe Astrophysical Journal Supplement
= . . . Seriesthe Astronomical Journal, Publications of the Astronomical Society

or the purposes of expos_ltlon_, we will ConSId_er & CON-¢ e Pacific, Astronomy and Astrophysitte Astronomy and Astrophys-
crete problem where uncertainty in the data requires attenes supplement Serieand Monthly Notices of the Royal Astronomical
tion. We would like to automate the process of specifyingSociety.
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Affiliation string Number of occurrences corrections can be made to the database and so that new

. of Vireina, Gharlosesville, A, U ! entries can be verified or corrected before being added to the
niv. of Virginia, Charlottesvill, VA, US 1 . . .

Univ. of Virginia, Charlottesville, VA, US 38 database. Our goal is to resolve the variants, determine the
Univ. of Virginia, Charlottsville, VA, US 1

canonical set of sites and produce a mapping from the
variants of the site names found in the database to the
canonical set using predominately automated methods. Oth-
ers have considered similar problems with variant forms in
bibliographic fields, for example, author names (Siegfried &
Bernstein, 1991) and titles (Williams & Lannom, 1981).
Borgman and Siegfried (1992) survey many other name-

Univ. of Virginia, VA, US

University of Virginia, Charlottesville, VA, US
University of Virginia, Charlottesville, Virginia, US
University of Virginia, Virginia, US

Virgina, University, Charlottesville, VA

Virginia Univ.

Virginia Univ., Charlottesville

Virginia Univ., Charlottesville, VA

Virginia Univ., Charlottesville, VA, US

Virginia University, Charlottesville

]
=

5
N

Virginia University, Charlottesville, VA 1 . . . . .

Virginia, University 53 matching algorithms. In addition, there is a vast literature on
Virginia, University, Charlottesville 164 H H H A H H

Vircinin, University. Charlotteoville, VA pos string matching in bioinformatics growing out of the
Virginia, University, Charlottesville, Va. 60 genomic sequencing efforts. Interested readers are referred

to Gusfield (1997) for a survey.

This paper is not specifically concerned with the algo-
rithmic aspects of string matching. Rather, we are examin-
in every bibliographic field of the ADS records—authors’ ing the application of known techniques together with those
full names or initials may be used, journal titles may or maydeveloped here to the problem of authority control. We are
not be abbreviated, and author affiliations are used verysing the ADS as a concrete example. This data cleanup
inconsistently. We do not mean to imply that the ADS is effort will make it possible for the ADS to provide services
unigque is this regard—this is a very common situation inthat are currently infeasible. Such services include an index
many online databases. It exists primarily because the dataf all papers with authors from a given institution and a
often come from a variety of sources, and merging datalefinitive list of all papers by a particular author.
consistently is so labor intensive.

The specific challenge facing us is partially illustrated by
Figure 1. There are preferred naming schemes for affilia?' Approach
tions, but the ADS database does not use any of them To attack this problem, we must do two things: (1)
consistently. Institution names are recorded in a variety otiecide on a set of canonical affiliation strings; and (2) assign
formats and include a range of information—from terse,each affiliation string in the database to one of these canon-
abbreviated names to full names with complete postal adical strings. A related application is to decide the set of
dresses. Figure 1 shows the different names that appear ganonical forms and then replace all variant instances with
the database for theniversity of Virginia and a count of the standard form. The two subproblems outlined here still
the number of times each variant appears. apply.

The example in Figure 1 shows 19 variants for what is  Our approach to this problem is to apply a clustering
obviously a single affiliation occurring in 463 articles. algorithm to the set of strings to bring variants together.
These variants illustrate a subset of the causes of the incoffhere is absolutely no way that this can be completely
sistencies. These causes include misspelled words and peistomated using lexical techniques alone. Consider the fol-
muted word order. In addition, common terms—such agowing two strings for example.

University—may or may not have been abbreviated, and

full addresses of sites were sometimes used. Some affilia- Leander McCormick Observatory, Charlottesville

tions that included a full address had abbreviated state or Leander J. McCormick Observatory, Charlottesville
province names, and some included postal codes and/or

country names whereas others did not. Although we might reasonably deduce that they desig-

This is merely the tip of the iceberg. In addition to the nate the same place, there is no way to determine that
causes listed here and illustrated in the example, there afdcCormick Observatory is really part of the Astronomy
multiple other potential causes. These include acronym®epartment at the University of Virginia based on lexical
that were used inconsistently, affiliation names that changedonsiderations alone. Clearly, additional domain knowledge
over time, varying transliteration conventions from non-would have to be introduced. Because we cannot completely
Latin alphabets, and many translation variants when nonautomate the process, we concentrate on clustering the
English language affiliation names were keyed by nativeaffiliations with the goal of minimizing the amount of
English speakers. manual inspection necessary to make final assignments. So

In this paper, we present the results of our efforts toour approach is to: (1) extract the strings; (2) cluster them as
identify the unique institutions listed as author affiliations in aggressively as possible consistent with the goal of mini-
the ADS database. Many of these approaches are also amizing misclassification; (3) have a domain expert review
plicable to other bibliographic fields. We must also providethe outcome of step 2 with some automated aids and iterate
a way to map variants of an institution’s name to theuntil a final list has been produced; and (4) optionally,
canonical name for that institution. This is necessary so thagynthesize programs to (a) substitute the canonical forms for

FIG. 1. Raw affiliation strings for the University of Virginia.
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the variant forms in the original database, and (b) screen We discovered that it is difficult to characterize the
newly entered data for conformance with the standardjuality of the results of a clustering approach when only a
forms. Steps 1-3 are detailed in this paper. subset of the strings is of interest. We wanted to capture the
amount of manual work that would be required if a domain
expert (a) verified the correctness of a set of clusters, (b)
corrected the set of clusters by removing misplaced strings,
We have employed multiple approaches to resolvingand/or (c) placed together multiple clusters containing
variant forms of affiliations in the database. We currentlystrings representing the same institution. We determined
apply a combination of lexical steps, approximate stringthat a single evaluation measure was not adequate to convey
matching, manipulation of the affiliation strings, and ap-all of this information. Therefore, we employed several
proximate word matching. Many of our later approachesmeasures intended to characterize both the completeness of
were motivated by observations about results from earlieclustering and cluster quality.
experiments. Therefore, experiments are presented in the To convey the magnitude of the task, we first report the
order in which they were performed so that they can beotal number of clusters produced when the 13,884 original
described in the context of the results that motivated themstrings are clustered. All other measures are calculated using
As an initial step, raw affiliations were extracted from the all clusters that contain at least one of the 1745 strings of
affiliation fields of the records in the ADS database. Weinterest. These measures include:
maintained a list of each unique affiliation variant and the

4. Overview of Experiments

frequency with which that variant appeared. There were
13,884 unique variants in the subset of the ADS under
consideration.

4.1. Evaluation °

An issue that bears discussion is the evaluation of the
multiple clustering approaches described in this paper.
There are a number of applications for which authoritative
affiliation data could be utilized. For each application, a
different goal standard or ideal clustering of the raw datas
may be most appropriate. Two different applications may
require clustering of different granularity. For example, for
one application it may be appropriate to group all depart-
ments within a university together, for another it may not.

The original goal was to cluster all 13,884 strings to
produce a canonical authority file for all institutions that
published articles in the seven journals of interest. We
discovered that it was very difficult for even a domain
expert to be certain that all strings were placed correctly. As
a result, we focused on 38 specific institutions. These 38
institutions were used by Abt (1993) in a previous produc-
tivity study. In our dataset, there were 1745 strings that

Purity of clusters. Cluster purity is a measure of self-
consistency. It is the ratio of the number of clusters contain-
ing no misclassifications to the total number of clusters
produced. The denominator of this measure shows the num-
ber of clusters containing strings of interest.

Number of singleton clusters. Related to the purity of
clusters measure is the number of singleton clusters. This is
the number of clusters containing only one string. All sin-
gleton clusters are trivially pure, so this measure should be
considered in conjunction with the purity of clusters mea-
sure.

Number of strings incorrectly placed. The number of
strings placed into clusters when they should not have been.
Specifically, assume stringsandb belong in cluster 1 and
string ¢ belongs in cluster 2. If a clustering approach places
stringsa, b, andc in a single cluster, string will be marked

as misplaced because it is in the minority. We also maintain
a count of the clusters containing incorrectly placed strings.

o Number of external strings. For this application, there are

12,139 strings that are not of interest. This measure reports
how many of these strings are placed in clusters with any one
of the 1745 strings of interest. A cluster can contain both
misplaced and external strings.

These measures are not perfect. For example, placing

represented variants of those 38 institutions. We producedane of the 1745 strings of interest in a large cluster of
very thorough hand-clustering of those 1745 institutionsexternal strings will produce a high value for the external
into 38 clusters to produce both an authority file for pro-measure when in fact correcting this error is relatively

ductivity experiments and a goal standard for testing ousimple. However, when considered on a whole, these mea-
clustering approaches. sures characterize clusters well enough to allow a compar-
For evaluation purposes, we assumed that the goal fdson of the different techniques. In Section 7, we will relate
each automatic clustering technique was both to locate théhese measure to the human effort involved to postprocess
1745 strings of interest among the 13,884 original stringghe clusters into a final authority file.
and to place those 1745 strings correctly in the 38 clusters. When examining the results, it is useful to compare
More specifically, the goal was to reproduce the goal stanacross approaches at similar error levels. What constitutes
dard of 38 clusters of 1745 strings; the remaining 12,13%n acceptable error level depends on the stage of clustering
strings could be clustered in any way so long as they did noand the patience of the person examining the clusters. We
appear in one of the 38 standard clusters. This task is mor®resee using these approaches in an iterative fashion. After
difficult than simply clustering the 1745 strings—more clus-each step, a representative string may be chosen for each
ters must be examined, and the 1745 strings of interest magluster; the representative strings could be clustered in the
be intermingled with the remaining 12,139 strings. following step. For example, as an initial step, one might
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choose to reduce the number of strings to be considered BYABLE 1. Reduction in the number of distinct affiliations using lexical
performing a very conservative clustering step without check¢!eanup approaches.

ing the output. La_ter, one mlght (_:hO(_)se more aggressive clu_s- Number

tering to suggest items for inclusion in a cluster. For an appli- Cleanup method of distinct

cation such as the one described previously where only a (applied sequentially in the order listed) affiliations A
subset of strings are of interest, one might exclude from further
consideration clusters that contain no strings of interest. ~ None 13,884

. . . . Remove U.S., U.S.A,, etc. if occurring at the end
Although operationally useful, iterative steps such as this g

R ) of an affiliation 13,676 208
would make it difficult to compare approaches directly. remove U.S. zIP codes from end of affiliations 13,638 38
Where possible, we use different approaches to cluster thgemove U.S. state abbrevs. occurring at the end
same set of strings to facilitate effectiveness comparison. of an affiliation 12,951 687
Expand most obvious abbreviations (University,
Institute, etc.) 12,295 656
. Expand other selected abbreviations and acronyms 12,171 124

5. Experiments and Results Remove country names occurring at the end of an

affiliation 11,382 789
5.1. Lexical Cleanup Normalize case (all lowercase) 11,289 93

Upon examining the list of raw affiliations, we noted that
many variants were caused by (a) the inconsistent use of
abbreviations and acronyms, and (b) the range of informa-
tion included in the postal addresses for sites. These are
systematic differences between variants. A given abbrevia§h
tion, acronym or address format may appear in many dif

ferent affiliation variants; resolving any given difference scures the similarities among strings.
may resolve multiple variants.

. . . The lexical cleanup steps were applied in the order listed
The lexical cleanup steps described below include ex- P Step PP

. T X in Table 1. Most steps could be combined into a single
panding abbreviations and acronyms and removing some ??peration' they are presented here separately so that the
the additional information included in postal addresses. A '

initial step is the identificati ¢ d abbrevi r]mpact of individual steps can be assessed. Other steps are
initial step 1S the identincation ot acronyms and a rewa'simpler to perform if done sequentially, but not impossible

tions and the items that they represent. A few simple ruleﬁ performed as a single step. For example, a site’s postal

ca.m.help iQentify potential abbreviations and acronyms, ydress (if included) is found at the end of the affiliation
within a string. In some cases, general knowledge is suffi

ent t i . for th bbreviations: f th’string. Knowing this, we can strip country names, postal
cient to provide expansions for these abbreviations; for %odes, and state abbreviations from the end of the affiliation

specmf: problem reported in this paper, many of the transétring. By working from the end of the string, we can be
formations were based upon general knowledge about VaThore confident that we are not erroneously removing im-

ants on place names (e.g., Blvd. is an abbreviation fobortant information. For example, given an affiliatiomi-

Boulevard). However, the expertise of a domain expert ma)(/ersity of VA, Charlottesville, VA, US, it should be useful

be needed to supply the correct expansion for certain ab[b removeUS and the secontA, but removing the firsyA
breviations and acronyms. For example, the abbreviatio ;

NRC h I ol . eluding Kee Would eliminate useful information. Finally, we note that
. as several possibie expansions incuding acronyms must be identified and expanded before the
tional Research Council of Canada and the Nuclear

Requlat C . f the United States. Onlv th strings are converted to lowercase.
eguiatory Lommission of the Unite ates. Only the Lexical cleanup pays two dividends. When the cleanup
former appears in the ADS.

Similarlv. the identificati ¢ oxt inf i step is performed, some differences in affiliation strings are
imifarly, the identincation of extran€ous intormation removed, allowing those affiliation variants to become iden-
may or may not require the expertise of a domain experttical. In Table 1, theA column shows the difference be-

For this application, a common type of extraneous mforma-tween the current number of distinct affiliations and the

tion was additional postal information. General knowledgenumber in the previous step. In some steps, the apparent

about place names and examination of the database Was mediate payoff is small. However, the second payoff is

sufficient to |Qent|fy th's. mforma}non._ we poted t-hat N seen when the clustering is performed. Consider the follow-
general, detailed postal information, including mail codes,

: N . 027 ng affiliations.
and country names is not an intrinsic part of an institution’s
name. City names, however, tend to denote different cam- NASA, Goddard Space Flight Center

puses of a university or different sites for a company or  National Aeronautics and Space Administration, Go-

Institute of Astronomy, Cambridge, U.K.
Institute of Astronomy, Cambridge, United Kingdom

Although the country information is useful and arguably
ould be included in the final canonical form for this site,
at this stage of comparison the additional information ob-

institute. Consider the example below. dard Space Flight Center
Institute of Astronomy, Cambridge Expanding the NASA acronym would not cause the
Institute of Astronomy, Cambridge, England strings to become identical because of the spelling error in
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“Goddard” in the second string. However, because the ¢ “university”, “institut”) = 8
difference in the strings is small after the expansion, these university

affiliations would be clustered together using even a very ; IS)((ii,)u) i:vve?::y
conservative clustering approach. 3 Dl) inersity
Lexical approaches provided dramatic improvements in 4 Dfe) inssity
a few cases. However, the best immediate results were seen ; ﬁg) i:‘ttl{y
when common abbreviations and acronyms were tackled. 7 S(uy) institu
This approach rapidly reaches a point of diminishing re- § L) institut
turns. Many types of affiliation variants, including spelling S(xy) substitute x for y
errors, word permutation, and affiliations that include city })(f(’;) ﬁfsljff;

names, do not respond well to lexical measures. In addition,

identifying misspelled words and variant transliterations ofFIG. 2. Transformation of the string “university” to the string “institut”
words is a time-consuming activity. It simply is not efficient by'a rT_1inima| sequence of simple edit op_erations_. The prefix of the final
to correct infrequently occurring variants in this way. There-Stn9 is shown in boldface after each edit operation.

fore, we consider clustering techniques to resolve these

types of variants. . o
1975; Wagner & Fischer, 1974) and our proposed metric in

more detail.
5.2. Clustering Techniques

There are many approaches to data clustering (Jain & 3 Approximate String-Matching Techniques
Dubes, 1988), but they are often costly to compute and very

time Consuming for |arge datasets. We devek)ped our own Our first experiments considered each affiliation String as
heuristic approach for this application, and applied it to thed whole. The edit distance(u, v), of two strings is a
output of the lexical cleanup approaches. Our approach is @easure of dissimilarity that is given by the minimal num-
one pass algorithm that requires a distance function; wéer of simple edit operations needed to transfarimto v or
report the effect of different distance functions below.  Vice versaThe four simple edit operations considered here

We used the 11,289 normalized case strings unless otlre insertion of one character, deletion of one character,
erwise noted. For these approaches, we have a set of uniggebstitution of one character by another, and transposing
strings {s;} together with the occurrence frequency of eachtwo adjacent characters. An example of the concept of edit
string. The input to our clustering algorithm is a set of pairsdistance is shown in Figure 2.

{(s., f,)} denoting the strings and their frequencies. In information retrieval, edit distance has traditionally
Given some distance metrd{x, y), our heuristic clus- been used in approximate string matching (Hall & Dowling,

tering algorithm proceeds as follows. 1980), spelling error detection and correction (Kukich,
Step 1Sort the strings in descending order by frequencyl1992), and more recently has been shown to be more

of occurrence. effective than Soundex for phonetic string matching (Zobel

Step 2.Starting with the first (next) string, compute the & Dart, 1996). The edit distance measure is robust to
distanced(s;, ;) for all stringss;, j > i. Whend(s;, ) spelling variantg such as could occur when non-Latin alpha-
< 8, where$ is a threshold parameter, (1) insejtinto bets are trgn;llterated (e.0., Chebysh_ev an_d Tchebysheff
cluster C;, and (2) removes; from further consideration. have an edit distance of 3) or when misspellings occur.
Note: By constructionf, = f, V s, € C,, that is,s is the There is the issue of how to set the threshaldn step
most frequently occurring string in the clus@rso itis the 2 When using edit distance. We have investigated both
algorithm’s nominee for the canonical label for that cluster.absolute and relative thresholds and discuss this issue next.

Step 3.Increment until s; is a string still under consid
eration for clustering and repeat step 2.

The performance of single-pass clustering algorithm
often depends on the order of the data. Step 1 of our We first investigated the straightforward fixed threshold
approach places the data in a canonical order and is basedit distance clustering. The results of this approach are
on the following hypothesis: strings occurring frequentlylisted in Table 2.
have a greater chance of being accurate. So our approach is Note that an edit distance of one provides significant
to process the most frequently occurring strings first, findingmprovement with no misplacement errors for the 1745
all similar strings and removing them from further consid- strings of interest. A visual examination of all 9430 clusters
eration. also revealed no errors. We hypothesize that all of these

The choice of the distance metrid(x, y), plays a variants are simple typing errors.
crucial role in our clustering approach. We are trying to Increasing the edit distance threshold allows more affil-
coalesce similar strings while accounting for misspellingsiations to be clustered together and decreases the number of
and other variant forms. The next section discusses thelusters. This approach makes no errors at edit distance 1,
well-known edit distance metric (Lowrance & Wagner, and a small number of errors up to edit distance 3. However,

S5.3.1. Fixed threshold edit distance clustering
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TABLE 2. Fixed threshold edit distance clustering using lexically cleaned up affiliation set (11,289 affiliation strings).

Incorrectly placed External
Edit Total Purity of Singleton
distance clusters clusters clusters Strings Inx clusters Strings Ix clusters
1 9430 952/952 674 0 0 0 0
2 8970 922/923 642 0 0 3 1
3 8521 870/875 582 2 2 17 4
4 8007 809/826 525 4 3 72 15
5 7610 768/796 500 13 8 261 25
6 7116 7141757 466 27 14 447 40
7 6644 648/695 409 61 21 587 43
8 6132 577/636 359 77 21 724 53

the approach breaks down for larger thresholds. It is appar- California Institute of Technology and Jet Propulsion
ent that fixed threshold edit distance clustering alone will Laboratory, Pasadena

not be enough to group affiliation variants correctly. How- Both pairs differ by an edit distance of 4: however, for the

ever, it |s.reasona.ble t(.) assume that multiple typllng EITOTS Ofrst two strings, that difference represents a greater fraction
systematic transliteration variants could occur in a StiNg ¢ the characters found in the strings

Our next approach is intended to handle this more effec- Variable threshold edit distance clustering is a way to

tively than fixed threshold clustering does. keep stricter control over these short affiliation strings
whereas allowing slightly more leeway for the longer ones.

5.3.2. Variable threshold edit distance clustering Assuming that two affiliation strings differ by an edit dis-
tance of 5, the two strings are more likely to be variants of

An absolute threshold is problematic. Especially forthe same affiliation if they both have more than 90 charac-
longer affiliation names, it is reasonable to assume that morgyrs than if they both have fewer than 20 characters.

than one typing error can occur in a string. Minor variants We suggest a relative threshold of the forén =
in affiliation names, for example liberal use of commas,y min(|ul, |4|), that is, the threshold is some fractian,of
could also manifest themselves as a small edit distancge length of the shorter string. This definition protects
greater than one. However, using an edit distance thresholshorter strings from being clustered indiscriminately. The
large enough to cluster strings having these common difresults of variable threshold edit distance clustering are
ferences can be problematic. As shown in Table 2, even ghown in Table 3.
moderate fixed edit distance threshold can be inappropriate Examining Tables 2 and 3, it is apparent that variable
in many cases, especially when short affiliation strings arehreshold edit distance clustering performs better than fixed
involved. For example, consider the strings threshold clustering. For example, compare the performance
of fixed threshold edit distance 4 and variable threshold
University of Virginia a = 0.15. The numbers of incorrectly placed strings are
University of Victoria similar; however, the variable threshold approach produces
many fewer clusters at this error level and includes fewer

and external strings.
Table 3 also shows that the problem of incorrectly clus-
California Institute of Technology, Jet Propulsion tering affiliations still exists at larger relative distance val-
Laboratory, Pasadena ues. Examining the clusters that were produced, we noticed

TABLE 3. Variable threshold edit distance clustering using lexically cleaned up affiliation set (11,289 affiliation strings).

Incorrectly placed External
Relative Total Purity of Singleton
distance &) clusters clusters clusters Strings Inx clusters Strings Ix clusters
0.05 8908 903/903 613 0 0 0 0
0.10 8120 813/814 523 1 1 0 0
0.15 7404 723/733 452 6 4 10 6
0.20 6553 617/648 360 17 8 65 27
0.25 5807 505/561 288 49 15 163 47
0.30 5089 404/491 217 80 27 397 79
0.35 4462 325/427 170 114 34 761 94
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TABLE 4. Variable threshold edit distance clustering of unique-word affiliations (9472 affiliation strings).

Incorrectly placed External
Relative Total Purity of Singleton
distance &) clusters clusters clusters Strings Inx clusters Strings Ix clusters
0.05 8064 824/824 535 0 0 0 0
0.10 7269 719/719 444 0 0 0 0
0.15 6529 631/633 368 1 1 3 1
0.20 5842 540/556 302 4 3 39 14
0.25 5210 449/494 248 16 7 211 39
0.30 4660 374/445 203 50 18 493 61
0.35 4103 309/384 154 85 27 848 66
that variants of the same affiliation still differed signifi-  Note that this approach provides a double payoff similar

cantly. Raising the edit distance threshold to a level thato that noted in Section 5.1. Multiple affiliation strings can
would cluster these variants together would also incorrecthhave the same representation, reducing the number of rep-
cluster a significant portion of the affiliation set. We there-resentations to consider. In addition, the sorted word order
fore considered other representations of the affiliatiorand lack of duplicates can reduce the edit distance between
strings. variants of the same affiliation. Table 4 shows the results of
this approach. Note that at the same relative distasct(s
approach produces fewer clusters than variable threshold
edit distance clustering of the lexically cleaned up affiliation
We noted that a general edit distance comparison of affiliset (see Table 3), although at slightly higher error rates.
ation strings could not accurately capture the similarity of two  Figure 3 illustrates some of the benefits and remaining
strings if the words in one string were a permuted order of thaveaknesses of using the string manipulation technique. Figure
words in the other. In addition, we also noted that some string8(a) shows two original affiliation strings with an approximate
contained duplicate words. The duplicate words rarely addedtring matching edit distance of 36. Figure 3(b) shows an
useful information. We therefore used an alternate internahlternate representation of these strings formed by sorting the
representation of the affiliation string—the unique words of theconstituent words; using the alternate representation yields an
string listed in lexicographically sorted order. Words can occuedit distance of 22. However, in this case, even the sorted
in simple strings or as part of quoted phrases and parentheticagpresentation does not fully capture the similarity between the
expressions. They can be delimited by spaces, commas atao strings. Most of the difference between the strings is found
slashes or extraneous punctuation combined with any of thim one word per strindnstitut andUniversity.> Measuring the
above. Our word-extraction procedure took this into ac-difference between those two words (plus the other minor
count. We also removed numeric “words” (which were differences in the strings) would produce a smaller and more
typically mail stops and postal codes). representative edit distance. However, these words do not
This approach works well for affiliation strings and may begin with the same character and therefore do not align
also be appropriate for other bibliographic fields where theproperly to be compared using approximate string matching.
order of words in a string is not vital to the meaning of a  Our next approach worked to resolve this difficulty. In
string. We note that this (and following) approaches maythis approach, we seek to match words in each string to
not be appropriate for all bibliographic fields. achieve a minimum sum of edit distances. An example is
shown in Figure 3(c). This method is described more fully
in the next section.

5.4. String Manipulation

Moskovskii Gosudarstvennyi Pedagogicheskii Institut, Moscow

Moskovskij Pedagogicheskij Gosudarstvennyj University, Moscow

5.5. Word-Based Approaches
5.5.1. Approximate word matching

(a) Approximate string matching, edit distance 36

Gosudarstvennyi Institut Moscow Moskovskii Pedagogicheskii Although edit distance is robust to spelling variants, it
Gosudarstvenny] Moscow Moskovskij Pedagogicheskii University can be completely defeated by permutations of words. Con-
(b) String manipulation, edit distance 22 sider the five strings in Figure 4(a). They clearly belong in
three classes,d, S}, { S3, sS4}, and {ss}. Each of these
Moskovskii Gosudarstvennyi Pedagogicheskii Tnstitut, Moscow classes represents a separate institution, and we would like
sl | l to judge them as “similar” in the clustering algorithm.

Moskovskij Pedagogicheskij Gosudarstvennyj University, Moscow

Figure 4(b) shows the pairwise edit distances for the strings

(c) Approximate word matching, edit distance 11

FIG. 3. Edit distances using different string representations. 2Figure 2 shows that the edit distance between these two words is 8.
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51 Moskovskii Gosudarstvennyi Pedagogicheskii Institut, Moscow the case thaw(u, v) << e(u, v). In addition, when there
T eginin g aiot chesic] Gosudarstventy] fniversity, foscow are no word permutations involved(u, v) ~ e(u, v) for
su: University of Virginia strings with the same number of words. For these reasons,
sg: University of Vermont . . .
w(u, v) will often characterize similarity better thagu, v)
@ for particular applications. The practical implication is that
efu,v) w(u,v) a lower threshold can often be used in the clustering algo-
T T T s . _ . rithm, and this will result in fewer misclassifications.
(59) | (61) | (20) | (22) | (21) (55) | (57) | (18) | (20) | (19) Table 5 shows the results when approximate word
51 0 36 50 50 50 ER 0 . . . . .
5 NSRRI o 0T 4 4 matching is applied to our set of 9472 strings. This table
= MR z o 2T should be compared to Table 4. The comparison of these
s 0 55 0 approaches is less straightforward than the comparison of
(b) © fixed-threshold and variable-threshold edit distance cluster-
ing. When comparing the results produced at a given value of
FIG. 4. A comparative example &u, v) andw(u, v). «a, approximate word matching outperforms clustering of the
alternate string representations. However, when results at sim-
of Figure 4(a). The length of each string is shown inilar error levels are compared, the alternate string representa-
parentheses. Note tha(s,, s5) << e(s;, S,) so that tions sometimes outperform approximate word matching.
University of Vermont is much more similar t&Jniversity
of Virginia than isVirginia, University. Also, in general,
the edit distances are over one-half the string length. Any.5.2. Overlap
threshold large enough to accept these strings as similar There are still situations that can cause problems when

would admit a large number of unrelated strings. . .
. . using w(u, v). Because the measure is the sum of the
The problem here is mainly because of word permuta-

, . . . component edit distances, all of the difference may be
tions, although spelling variants still play a role. The con- .

: . S because of one component. For example, consider the fol-
ventional representation of a strirgis a sequence of

characterss = (c;). A more useful representation is to lowing strings.
think of s as a set of words = {w;}, where each “word,”
w; = (c;), is a sequence of characters. This representation University of California, Davis
provides more flexibility in the choice of comparators. We ~ University of California, Irvine
should also note that this set representation does not allow
duplicate words. This has been advantageous in our work bidere we havev(u, v) = 4, but all of the distance is because
there may be applications where a multiset is more appropriatef e(*Davis,” “Irvine”).® These two strings would be
The decision as to which tokens denote words is domaifudged similar at a threshold = .2, but they are clearly two
dependent. For the present purposes, we use a blank as tigferent institutions.
word separator and exclude punctuation. In general, punc- We can address this problem by constraining the allow-
tuation will require more care in handling. This is discussedable edit distance between two components. Damerau
further in French et al. (1997b). (1964) has noted that over 80% of all spelling errors are
Our approximate word-matching approach is to find abecause of one of the four simple edit operations (insertion,
minimum distance matching of the wordsuinandv. The  deletion, substitution, and transposition). This has also been
idea is to pair up the words so that the sum of the editconfirmed by Morgan (1970). So whenewu, v) = 1, it
distances is minimized. Note that if and v contain a is almost certainly a spelling variant or misspelling. This
different number of words, then the cost of each excesgbservation leads to the following approach. First, as before,
word, w, is the edit distance between it and the null string,we find a minimal cost matching of the components in the
e(w, A) = |w|, which is simply the length of the word. Our string. Next, we determine what components match suffi-
proposed word edit distane®(u, v) is the sum of the edit ciently well. This is simply a bound on the allowable edit
distances resulting from a minimal matching. Figure 4(c)distance for a component. If we constrain the component
showsw(u, v) for the strings of Figure 4(a). As with edit difference to be=<1, then we will almost certainly be
distance, we use a relative thresholdeu, v). However,  dealing exclusively with spelling variants (e.g., center, cen-
we adjust the “length” of the new string representation totre, color, colour) or misspellings; a larger threshold will
reflect the loss of blanks and perhaps other punctuation. Th&llow more variability and may be appropriate for some
revised lengths are also shown in parentheses in Figure 4(Qpplications. The threshold is just a parameter of the algo-
Using arelatively conservative threshold of 0.2 of the lengthrithm and could be set to other values. After we determine
of the shorter string, it can be seen from Figure 4(c) that thévow many words match sufficiently well, we compute a
strings of Figure 4(a) will be assigned to the correct clustersjaccard coefficient, the ratio of the matching words and
Moreover, such a conservative threshold will allow rela-
tively few unrelated strings to be grouped together.

Although it is not generally true that(u, v) < e(u, v), 31t is also the case here thefu, v) = 4 because there are no word
when word permutations are considered, it is almost alwaygermutations.
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TABLE 5. Approximate word matching clustering of unique word affiliations (9472 strings).

Incorrectly placed External
Relative Total Purity of  Singleton
distance §) clusters clusters clusters Strings Inx clusters Strings Ix clusters
0.05 7789 794/794 502 0 0 0 0
0.10 6875 673/674 402 1 1 0 0
0.15 6128 569/576 327 6 3 7 5
0.20 5347 473/503 255 9 6 66 26
0.25 4561 367/445 192 23 12 416 71
0.30 3740 256/381 138 110 38 1353 117

v to all of the words inu and v, to use as a similarity We have examined the impact of applying these ap-
function for clustering. proaches iteratively. We found that applying a given thresh-
The results of applying this approach to our set of 94720ld (e.g.,a = 0.20) to representatives produced slightly
strings are shown in Table 6. Although the threshold padifferent clusters than applying it to the original strings.
rameters in Tables 5 and 6 are not directly comparable, w&his phenomenon is discussed in more detail in our previ-
can compare the approaches at similar error levels. Fasus work (French et al., 1997b).
example, using the Jaccard approach with a similarity co-
efﬁcient of 0.65 i_ncorrectly places _the same number ofg o Computation Time
strings as approximate word matching eat= 0.20. The ) o .
Jaccard approach produces fewer clusters and places moreAnother consideration is that becausfe, v) is calcu-
strings but does include a few more external strings. lated in© (mn) time by a dynamic programming algorithm,
it is a fairly expensive distance metric to compute. Next, we
show when the computation can be avoided, but first we

6. Additional Considerations need the following lemma.
Lemma.||u] — |v|| = e(u, v) = max(ul, |v]).
6.1. Applying the Approaches Iteratively Proof. The lower bound follows when one string is a

substring of the other. In that case, it is only necessary to

Where possible, to facilitate comparison, we have apdelete (insert) the excess characters from (into) the longer
plied the approaches evaluated previously to the same set (ghorter) string. The upper bound follows from the fact that
strings. However, in an operational setting, these api u and v are disjoint, it will be necessary to edit every
proaches might be applied iteratively. For example, assumeharacter in the longer string. O
ing simple typographical errors, strings might first be clus- To simplify the notation somewhat, leh denote the
tered at a fixed edit distance of 1 but not verified. The clustetength of the shorter string and denote the length of the
representatives could be used for later clustering steps. Thisnger. Recall that we have suggested the decision rule
would reduce the number of strings to be clustered withe(u, v) = am to protect shorter strings. We state the
little chance of error. Using cluster representatives at eacfollowing result using this simplified notation.
stage reduces the number of strings whose placement must Theorem. éu, v) = amonlyifn — m = am.
be verified. Later, clustering stages might employ aggres- Proof.From the lemman — m = e(u, v) = amand the
sive thresholds in an attempt to locate additional variants.result is immediate. O

TABLE 6. Clustering using the Jaccard Coefficient (9472 strings).

Incorrectly placed External
Similarity Total Purity of Singleton In x In x
coefficient clusters clusters clusters Strings clusters Strings clusters
0.85 7365 731/736 446 0 0 6 5
0.80 6563 610/618 354 1 1 23 7
0.75 5897 529/544 290 1 1 47 14
0.70 5626 494/509 266 1 1 47 14
0.65 4935 414/435 212 9 5 109 19
0.60 4491 353/392 175 21 10 159 34
0.55 4275 322/363 158 18 8 221 38
0.50 3613 241/302 111 25 11 382 57
0.45 3542 230/297 105 39 12 491 63
0.40 3028 168/254 80 135 25 1000 80
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Becausen — m = am is a necessary condition for Assume that we have some sort of user interface that
e(u, v) = am, the expensive computation efu, v) can be  allows strings or clusters to be examined in one window,
avoided whem — m > am. The following is an example maintains the set of destination clusters in another window,
of the benefit. In one of our subprocessing steps in Frenchnd allows a user to move a string or cluster from the
et al. (1997b), we computed the upper triangular matrix ofexamination window to the desired destination cluster.
pairwise edit distances for an 8380 word vocabulary. On a We have identified different types of human effort, and
Sun Ultra, this took 938 seconds to compute. That time waassume that they each have a cast,,, is the cost to
reduced to 716 seconds after applying the test above. Thidentify/select destination clusters, is the cost of an
was a net reduction in CPU time of 222 seconds or a 24%inplaced strings,,, is the cost of a misplaced string, is the
reduction in processing time. cost to determine if a string is correctly placed in a cluster,

We have also worked with other researchers to investiand Ce4eiS the cost to merge two clusters.
gate an alternative clustering technique, RED (Ganti et al., To simplify the comparison between manual and assisted
1999), based on incorporating relative edit distance into thelustering, we assume tha} is our basic measure of cost
BIRCH?* clustering algorithm (Zhang et al., 1996). Although and that other costs can be expressed in terms of that cost.
this clustering technique still employs edit distance as thd-or example, for a given application, we might assume that
measure of difference between two strings, it creates & is twice as difficult to correct a misplaced string than an
“distance space” for the purposes of clustering. We foundinplaced one. We express, asac, andc, asfc,.
that using the BIRCH system resulted in much faster clus- Next, assume that a cluster can be moved as a unit. There-
tering times but provided substantially less control over theore, the cost of moving a cluster (that contains a subset of the
number and type of errors allowed and was not well suitedstrings representing a site) to the correct destination cluster is
to this application. the same as handling a single unplaced string. So

Cmerge: Cy (1)
6.3. Other Bibliographic Fields
_ _ ) If we perform the clustering manually, all 13,884 strings
It is reasonable to ask how these techniques might worlg . essentially unplaced, so our cost is

on other data. We have also studied the application of these
approaches to the journal title field of the ADS records. cos —38-c.. + 13884 ¢ 2
These results are reported in French et al. (1997a). Different ana selup ’ ! @
abbreviations (e.g., J. and Jour. for Journal) and acronyms

eg., PA.SP |sPubI|cat|or_15 of the Astronommal Society of complex. At the threshold of 0.20, there are 5347 clusters.
the Pacifi¢ were appropriate for this data, but we found that . . .
3029 of those clusters contain only one string (not shown in

the approximate word matching approach worked best fo[I'able 5), so the placement of those strings does not need to

this field. be verified; we will treat these 3029 strings as unplaced
strings. 503 of the 5347 clusters contain strings of interest.
7. Human Effort Involved There are 75 total misplaced strings (nine incorrectly placed

. . . strings of interest plus 66 external strings).
So far, our evaluation of the different clustering approaches Assume thate = 2 and 8 = 0.2. That is, misplaced

has focused on the number of clusters produced and the num:- . . e .
o : strings are twice as difficult to handle as unplaced strings

ber of placement errors made. An open question is whatimpact_ > . . . . .
. and it is five times more time-consuming to place an un-

these clustering approaches have on the amount of human

: : placed string than to verify the placement of a string in a
effort required to complete some clustering task. 5\ns: . :
. . cluster? With these assumptions we compute the following
The amount of human effort required will depend on a

number of factors, including the number of strings beingcost for the manual steps after approximate word matching

clustered and the number of clusters into which the stringgas been employed to cluster the data at a threshold of 0.2,

are to be placed. We have identified a set of costs involved _ 3g. +10.855 c. + 75-
in clustering a group of strings by hand and in verifying or COShwm(o.20) = Csetup ' Ce Cm

The cost of approximate word matching is a little more

correcting the output of an automated clustering approach. + 2318: Crerge + 3029- ¢,
As an example, we compare the human effort required for
our specific application area using manual clustering vs. using = 38" Ceenpt 10,855 B, + 75 ac,

our automated approximate word matching approach at thresh-
olds 0.05, 0.10, 0.15, 0.20, 0.25, and 0.30 (see Table 5).

Details of our application (institutional productivity) are
given in Section 4.1. Recall that there are 13,884 strings,
1745 of which are variants of the 38 institution names for
which we wish to determine productivity.

+2318- ¢, + 3029 c,

= 38" Coqup+ 7668~ C, ©)

S Our choice ofa and 8 reflects our estimation of the difficulty of the
task as we have outlined it. The choice of values for these parameters may
be influenced by many factors, for example, the tools available, the number
4 Balanced lterative Reducing and Clustering Using Hierarchies. of strings being clustered, and the number of clusters desired.
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Different degrees of clustering will produce different num-
bers of clusters and different numbers of errors. For example,
for threshold 0.05 we have 7789 clusters (5173 containing only
one string), threshold 0.10 produces 6875 clusters (4301 one-
string), threshold 0.15 produces 6128 clusters (3662 one-
string), threshold 0.25 produces 4561 clusters (2445 one-
string), and threshold 0.30 produces 3740 clusters (1870 one-
string). These, plus the errors made lead to the following costs:

COShwm.0s) = 0.68* COStanua
COShwwm(o.10) = 0.63* COShanal
COShwm(.15 = 0.59* COStanyar
COShwmo.20) = 0.55° COSthanual

COShwwm(.05) = 38* CoerypT 8211-C.+ 0 Cy,

+ 2616 Cperge+ 5173- C,

= 38" Coqup+ 8211- e, + 2616 C,
+5173- ¢,

= 38" Cserypt 9431.2:C,
COShwm.10) = 38" CoerypT 9583+ C.+ 1-Cy,
+ 2574+ Cperge+ 4301 C,
= 38" Ceerpt 9583 e, + 1+ ac,
+ 2574-¢c, + 4301- ¢,
= 38" Ceenypt+ 8793.6- C,

COSI\WM(O.lS) = 38- Csetup+ 10,222' Ce + 13- Cnm

+ 2466 Cperge+ 3662 C,

= 38" Cgeryp+ 10,222: B¢, + 13- ac,
+ 2466-c, + 3662,

= 38" Cgeryp+ 8198.4- ¢,

COShwm(.25) = 38 Cserypt+ 11,439 ¢, + 439- C,

+ 2116° Crperge + 2445- ¢,

= 38" Cgeyp+ 11,439 B, + 439 ag,
+ 2116- ¢, + 2445-c,

= 38" Ceenpt 7726.8-C,

COShwm(0.30) = 38* Cserypt 12,014 ¢, + 1463- c,,
+ 1870 Crperge + 1870- ¢,

= 38" Cyeup+ 12,014 Be, + 1463 ac,

+ 1870-c,+ 1870-c,

= 38" Cyop+ 9068.8 C,

COShwm(.25) = 0.56° COSanual

COShwwm(o.30) = 0.65* COShanual (5)

The cost is lowest for thresholds 0.20 and 0.25 and is just
a little over half the effort of a strictly manual approach.

We have shown the expanded calculations because in-
spection of the coefficients of each term helps explain which
factors are improving and which are worsening as the
threshold is varied. The dominant factor is the number of
misplaced strings as the threshold is increased. This forces
more human effort to clean up the clusters. As can be seen,
for this set of assumptions the human effort required after
clustering is about half that when clustering is not em-
ployed.

It should be noted that two factors are not captured by
this cost analysis. First, the initial developement of heuris-
tics is not counted. This cost may be substantial, but we
assume that it is not repeated after the development is
complete and can, therefore, be amortized over all subse-
quent uses. Second, we do not account for iteration. As we
have noted, this is an iterative process. One might try
several thresholds, note the error rate and rerun with a
tighter or looser threshold setting. We have not factored this
into the analysis and have assumed that fixed threshold
values would be employed. Nevertheless, the analysis is
useful in demonstrating where the major costs are incurred.
It also demonstrates that cost savings are achievable.

8. Conclusions

There are many opportunities to exploit existing online
databases as new techniques are developed in the field of
information retrieval. Before this evolution can take place,
we need to find ways to improve the quality of the data and
to make it easier for data providers to integrate new infor-
mation into their systems. This paper has discussed tech-
niques for improving data quality and data access by de-
tecting variable forms of strings and collecting them to-
gether under a standard form. This can be thought of as the
semi-automatic generation of an authority file. After we
generate authority files, we can use the information to
reduce the burden of subsequent data entry by automating
the detection of variant forms as new data is acquired by a
system.

We have evaluated some approximate string matching

The setup costs are the same and small relative to thapproaches for clustering variant forms of strings. We have
other costs, so for approximate word matching we have thalso proposed a new way to evaluate string distance—

following.

approximate word matching—and shown how it can im-
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