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Abstract

With the growth of on-line information, the needfor better
resourcdocationserviceds growing rapidly. A populargoal
is to conductsearchin termsof conceptsratherthanwords;
however, this approachis frequently thwarted by the high
up-front costof building an adequateontology (conceptual
vocahulary) in the first place. In this paperwe describea
knowledge-basedExpertLocatorapplication(for identifying
humanexpertsrelevant to a particularproblemor interest),
which addressethis issueby usinga large, pre-huilt, tech-
nical thesaurussaninitial ontology combinedwith simple
Al techniqueof searchsubsumptiorcomputationandlan-
guageprocessingThe applicationhasbeendeplo/ed andin
usein our local organizationsinceJune,1999,anda second,
larger applicationwasdeplgred in March 2000. We present
the ExpertLocatorandthe Al techniquest uses,andthen
we evaluateanddiscusghe application. The significanceof
this work is that it demonstratefiov yearsof work by li-
brary sciencein thesaurus-tilding can be leveragedusing
Al methodsto constructa practicalresourcdocationservice
in ashortperiodof time.

I ntroduction

With therapidgrowth of on-lineinformation,it is becoming
increasinglyhardfor usergo find theinformationthey need.
The phenomenormf posinga queryto a Web searchengine
andreceving mary thousandf “hits”, few of which are
really relevant, is a familiar one. A well-known contriku-
tor to this problemis that searchs organizedaroundwords
(containedn thetargetdocumentsjatherthanthe concepts
whichthosewordsdenote As aword candenotemary con-
cepts(polysemy)and a conceptcan be denotedby mary
words (synorymy), a users query may both missrelevant
documentsand hit irrelevantones. In addition, without an
unambiguousepresentationf whattheuseris interestedn,
it is impossibleto apply domainknowledgeto reasorabout
theusersinformationrequest.

In this paper we describeour recentwork in conduct-
ing searchin termsof conceptgunambiguousienotations
of the entitiesof interest)ratherthanwords, to reducethe
ambiguity problemandalso exploit domainknowledgefor
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searchln particular we have exploited anextensie techni-
calthesauruso provide botha conceptual/ocahulary (“on-

tology”) and a sourceof domainknowledge,avoiding the
high up-front cost of ontology-huilding from scratch. We

have combinedthis with simple Al techniquesof search,
subsumptioncomputation,and languageprocessing. We

have usedthis for building an“Expert Locator” searchtool

for identifying humanexpertswithin our 200 personorga-
nizationrelevantto a users problemor interest. This appli-

cationhasbeendeployedandin usewithin our organization
sinceJune1999, and a similar, larger applicationwas re-

centlydeployedin March, 2000, indexing a larger group of

technicalexpertswithin Boeing.We describetheinitial ver

sionof thethesaurus-basdeixpertLocatorandthe Al tech-
niquesthat have beenusedto enhancet in variousways,
andthenwe discussandevaluatethe application.Our con-
clusionis that, whenthe thesaurusand applicationdomain
arewell matchedthe mary yearsof work by library science
in thesaurus-hilding canbe leveragedusingAl methodso

constructa practicalresourcdocationservice.

Approach
A Thesaurus as a Conceptual Vocabulary

Onechallengefor workingin conceptspacsds the construc-
tion of an appropriateontology (“conceptualvocatulary™)

appropriateto the domainof interest. To addresghis, we
have usedatechnicalthesaurusistheinitial ontology seek-
ing to exploit the mary yearsof effort alreadyspentby li-

brariansin constructinga conceptualocahulary for a do-
main. Otheralternatie (but morecostly) approachesvould
beto hand-huild the ontologyfrom scratche.g.,CoalSOR

(Monarch& Carbonell1987),or learnit automaticallyfrom

analysisof text corpora,e.g., PhraseFinde(Jing & Croft
1994).

It is importantto notethata library thesauruss distinct
from a synorym dictionary (a commonmisconception)n
two importantways. First, eachterm (concept)in the the-
saurushasa uniqguename,preciselyto remove word ambi-
guity. Sometimesonceptnameswill includea parentheti-
cal qualificationif a singleword would beambiguouse.g.,
“planes (geometry)”, “beams(radiation)”. Second,a the-
saurusncodesiot only the conceptualocahulary but also
semanticrelationshipgof a ratherinformal kind) between
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Figurel: Sketchof atiny fragmentof Boeing’s Thesaurus.
Thefull Thesaurugontainsapproximately37,000concepts
and100,000relationshipdbetweerthem.

conceptsthe threemostimportanttypesbeing named‘bt’
(broaderterm), ‘nt’ (narrover term), and ‘rt’ (relatedto).
A broaderterm denotesa subjectareawhich encompasses
the original term, usually* correspondingo a generaliza-
tion (superclass)ink in aninheritancehierarchy(e.g., “jet
engines"—bt— “engines”),while anarrovertermis thein-
verseof this. Thert relationexpresseghat some(unspec-
ified) closeconceptuarelationshipexists betweenthe two
concepts.Although the semanticof theselinks are rather
informal, they neverthelesgrovide (by design)knowledge
about conceptualrelationshipsin the domain, specifically
for thetaskof informationretrieval.

The particularthesaurusve have usedis Boeing's Tech-
nical Thesaurusbuilt by Boeing TechnicalLibraries. This
Thesauruss a vastnetwork of approximately37,000con-
cepts(plus another19,000synorym conceptnames),with
approximately100,000links betweenthem (of the three
typesmentionedabore), plusadditionalrelationshipq'sub-
ject note’, ‘usedfor’, etc.) for otherpurposes.lIt is well
suitedto our purposesasit is highly customizedo our tar
get domain (aerospaceand organization(Boeing), and is
rich in aerospacend “Boeing-speak”concepts,and also
in conceptsfrom the relatedareasin which Boeingis in-
volved (e.g.,computing,finance,sales,personnemanage-
ment). A tiny fragment(0.05%)of this Thesaurussketched
asagraph,is shovn in Figure 1, whereboxesdenoteThe-
saurusconceptsandarcsdenoterelationships.

Performing Concept-Based Search using a
Thesaurus

For typical word-basedsearchtools, an indexing engine
(e.g.,a Web crawler) builds aheadof time a word index of
resourcege.g.,Web pages)o be searchedAt searchtime,
a userentersa set of query words, and a matchingalgo-
rithm then compareghesewith the word index to identify

*hut notalways,for example*France”’maybedeclaredasanar
rower term of “Europe”, expressinga merorymic (part-of) rather
thanhyperrymic (subclassyelation.
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Figure 2: From the users initial query word(s) (herethe
word “jet”), the systemidentifiespossibleconceptshe/she
may be referring to by simple stemmingthen substring
matching.

the “best” resourceghat matchthe users query Our goal
is to doananalogoughingin concepspacerequiringthree
maintasksto be performed:

1. A conceptindex needsto be built, in which tamget re-
sourcesareindexedin termsof the conceptgnot words)
characterizinghem.

2. A users query needsto be (re-)formulatedin terms of
concepts.

3. A “concept-basedearch”algorithmis neededo match
the users conceptquery with the conceptindex of re-
sources.

In our application the ExpertLocator the“resources’ve
are interestedin searchingfor are, in fact, not documents
but humanexperts.We adoptedstraightforward approaches
to thethreetaskslistedabove:

1. Theconcepindex wasbuilt manually by askingeachex-
pertto characterizénis/herarea(s)f expertiseby alist of
conceptsiravn from the Thesaurus.

2. After the userentersa set of searchwords, the system
finds possibleconceptshe/shemight be referringto (by
stemmingthe users words andthen substringmatching
on conceptnamesin the Thesaurus)and then asksthe
userto selecthis/herintendedconcept(s). This is illus-
tratedin Figure 2, wherethe userhasenteredthe word
“jet”, to which the systemwill ask: “By ‘jet’ did you
mean: (i) jet engine(ii) ramjetengine(iii) jet spray(iv)
...7" If noneof theseareappropriatethe usercanbrowse
the Thesaurusy iteratively clicking on a conceptto see
its neighborsn the Thesaurugraph to helplocatehis/her
concept(spf interest.

3. Thushaving a setof concept(s}the useris interestedn,
the systemsearchedor expertswho either know about
one of thoseconceptsor know aboutconcepts‘closely
relatedto” the users conceptof interestwhere“closely
relatedto” correspondso the distancebetweertheusers



Xrt A ’_L‘rt
LiftL 't [Thrust

Turbojet rt
engines

V\I'L
Flame
propagation

Engine ]t

Hydrogen
[ fuels

Flame
stability
bt/4nt
Combustion
stability bt& nt

Figure 3: The distancebetweenconceptsn the Thesaurus
graphis usedto assesselevancebetweeranexpert’s areaof
expertise(here“propulsion systems”)and a users concept
of interest(here“jet engines”).

andexpert’s conceptsn the Thesaurugrapl?f. Thisis il-
lustratedin Figure3, whereanexpertin “propulsionsys-
tems”is considerednoderatelyrelevantto a queryfor in-
formation about“jet engines”,asthe concepts‘propul-
sionsystems’and“jet engines’arerelatively closein the
graph.

An example of the Expert Locator applicationitself is
shawvn in Figure4. The userasksfor someonevho knows
about“graphics”, to which the systemasks(via a menu):
“By ‘graphics’ did you mean: (i) graphicarts (ii) raster
graphics (iii) graphic methods...?” The user ticks the
box(es)to identify his/herintendedconcept(s)here“com-
putergraphics”),thenthe systemretrieves expertswho ei-
thertaggedhemselesashaving expertisein thatconcept(s)
or in conceptsloselyrelatedto it. In Figure4, the system
reportsboththeexpert'stechnicalarea(e.g.,“digital video”)
andthe semanticpath of associationgrom that conceptto
the users original conceptof interest(e.g., “via computer
graphics— digital video”).

Initial Results and Development

Initial, informal trials with the ExpertLocatorwereencour
aging,andin particularillustratedhow eventhe semi-formal
semanticrelationshipsin the Thesaurugould help search.
At the sametime, thesetrials highlighted several issues
which neededo beaddressed:

1. Thelengthof the shortestpathbetweentwo conceptdn
thethesaurugraphis a crudemeasureof “semanticdis-
tance”or “relevance”betweentwo conceptsandfurther
tight controlson thegraphsearchareneeded.

2. Despitethe 100,000relationshipsin the Thesauruswe
frequentlyfound caseswhere (at leastfor our purposes)
desirabldinks weremissing. In fact, of the 37,000con-
ceptsin the Thesaurusapproximately15,000 are “or-
phans’(i.e.,notconnectedvith ary otherconcept)mean-

2Thisis anoversimplification;we elaborateshortly

ing that knowledgeof conceptassociationgould not be
appliedin thosecase3.

3. Even with 37,000 concepts.expertsoccasionallyfound
thattheir areaof expertisewasmissing,i.e., not properly
characterizethy arny of the original Thesaurugoncepts.

We now describehow thesassuesvere(andcontinueto be)
addressed.

Semantic Distance and Relevance

Evaluatingsemanticrelatednessising network representa-
tions hasa long history in artificial intelligenceand psy-
chology e.g.,(Resnik1995;Brooks1998; Tudhope& Tay-
lor 1997),andwe areexploiting this basicideafor our ap-
plication. Intuitively, a short path (measuredy counting
links) betweerconceptsn theThesaurugraphmightbeex-
pectedo correspondo someoosenotionof “relevance”be-
tweenthoseconcepts.For example,“artificial intelligence”
and“semantics”aretwo links apart(“artificial intelligence”
—rt— “inference” —rt— “semantics”)and also intuitively
appearto be related. Unfortunately this is not always the
case,as relevanceis not always transitve. For example,
“flood control” and“artificial intelligence”appearclose’ as
they arejustthreelinks apart(“artificial intelligence”—rt—
“cybernetics"—rt— “control” —nt— “flood control”); sim-
ilarly, “battle management’is within three links of “li-
braryscience”(“battle management™bt— “management
—nt— “information management™rt— “library science”).
Tablel givesa coarsequantificatiorof this phenomenoms-
ing datafrom the evaluation(describedater), shawving the
averagerelevanceof conceptatdistanceD to aninitial con-
ceptC'. Due to this rapid degradationof relevancewith
distancewe severely constrainthe searchfor relevantcon-
ceptsto thoseatdistancewo or lessfrom aninitial concept.
Work by other researchersuggestghat this degradation
might be partially reducedby weightinglinks usingstatisti-
cal methodsge.g.,(Resnik1998;Manning& Schutzel999;
Chenetal. 1993),anavenuewhich we areconsideringex-
ploring.

One simple refinementwe madeto this “link counting”
approachwasto disallowv pathswhich includea generaliza-
tion (bt) link followed (eitherimmediatelyor otherwise)y
a specialization(nt) link. This avoids pathssuchas “bat-
tle management™bt— “management™nt— “information
management’wherethe pathfirst movesto a generalcon-
ceptandthenspecializego a conceptdisjoint with the orig-
inal. An informal evaluationof this approachsuggestshat
this improvesthe credibility of the pathsasexplaining rel-
evance(asthesequestionablgathsareremoved), but often
alternatve (moreplausible)pathscanbefoundandthelist of
relevantconceptds not significantlyaltered(e.qg.,blocking
the path“battle management™bt— “management™nt—
“information management™rt— “library science”causes

30nefactorcontrituting to this relatively high proportionof or-
phanswvasthataseparatelatabasef “identifiers” (additional,non-
Thesaurugeywords)wasmemgedinto the Thesauruseveralyears
ago,with connectiongo Thesaurusermsstill beingadded.As de-
scribedlater, our graphenhancemerglgorithmcanassiswith this
linking process.
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Figure4: Two consecutie screershotsof the ExpertLocatorin use.Firstthe useridentifiesthe concept(she/shds interested
in (by browsing and checkingboxes), then expertsare retrieved basedon the proximity of their areasof expertiseto those

concept(s)n thesemantigraph.

DistanceD from C
0 1 2 3
Numberof conceptat D fromC'  (mean) 1 2.69 46 356
(median) 1 1 10 96
Meanrelevanceof conceptat D to C 10.0+0 | 7.8+0.3 | 4.3+0.3 | 3.240.4

Table1l: Relevancedegradesrapidly with distance asjudgedby a humanexperton a0 (irrelevant)to 10 (relevant) scale. +
denotestandarcerror. Thetablealsoshowvstherapidincreasen conceptaccessibilitywith distance.

adifferentpath“battle management™>rt— “commandcon-
trol” —nt— “information systems”—rt— “library science”
to befoundinstead).

Enhancing the Thesaurus Connectivity:
Computing Extra Subsumption and Association
Relationships

Although the Boeing Thesaurusis highly connected
(100,000links), it is often the casethat desirablelinks,
at least for our purposes,were missing, including 40%
(15,000)0f the 37,000conceptdeingorphansandthusin-
accessibléo search.

However, animportantcharacteristiof technicalthesauri
is that mary conceptnamesare compound(multi-word)
terms.In Boeings Thesaurus32,000(85%) of the concept
namesare compoundnounsor phrases.This allows some
automatedanalysisof the conceptgo be performed based

onthe constituentordsin theseterms,usingsubsumption
computationtechniquegWoods 1991). For example, the
concept'spaceshuttlemainengine”is anorphanin the The-
saurusput by comparingts constituentsvith otherconcept
namesanalgorithmcaninfer thatit is relatedto theconcept
“spaceshuttle” (as“spaceshuttle”is a conceptin the The-
saurusyandgeneralize$o “engines”. Similarly, “metal pipe
welding” canbe inferred as a specializationof “tube join-
ing”, as“pipe” is aspecializatiorof “tube” and“welding” is
aspecializatiorof “joining” in the Thesaurus.

We implementeda graphenhancemerdlgorithmfor this
task, that automaticallyinferred thesemissinglinks using
using word-spotting/naturalanguageprocessingtechnol-
ogy. Thisalgorithmcomputesubsumptiomelationshipde-
tweentermsin a similar style to (Woodsetal. 1999),and
can be viewed as a simple classificationengineusing the
limited semanticghat a thesaurusaffords. The algorithm
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behaesasfollows. First, individual wordsin a compound
term are stemmed,and then the compoundis generalized
(in all possiblewvays)by repeatedlyeitherremoving thefirst

word (e.g.,“turbojetengine”becomesengine”) or general-
izing oneof its words/sub-phraseassingthetaxonomidinks

in the Thesauruge.g., “turbojet engine” becomes'jet en-

gine”). If the generalizatiorthuscreatedexistsin the The-

saurusasa conceptin its own right, thentaxonomic(bt/nt)

links areadded. This is repeatedor all conceptsandthen
afinal sweepof the resultinggraphis performedto remove

redundantaxonomiclinks (e.g.,A—bt—C is considerede-

dundantif A—bt—B andB—bt—C). This algorithmis ex-

tendedto also add “related to” links by also allowing the

lastword in the compoundgo be removedin thethe ‘gen-

eralization’ step (e.g., “spaceshuttleengine”is relatedto

“spaceshuttle”). Compoundgreatedn thisway (if they are
also Thesaurugoncepts)and ary new onesderived from

them,arethenlinkedto the original conceptusing“related-
to” (rt) links, ratherthantaxonomic(bt/nt) links.

Applying this algorithm, approximately21,000 genef
alization/specializatiorlinks and 37,000 related-to links
were automatically added, and the number of orphans
was reducedfrom approximatelyl5,000(=40%) to 4,600
(=~13%). This approachrelies heavily on the choice of
name the Thesaurusauthors decidedto use for a con-
cept. The algorithm will sometimesmalke mistales due
to changingword sense(e.g., “mean value analysis” be-
comesmistalenly relatedto the concept“values”, in the
senseof ethics), or finding unintendedsub-phrasegmis-
braclketing). However, interestingly suchmistaleswereun-
usual,mainly attributableto the Boeing Thesaurudeinga

domain-specifiegatherthangenerathesauruswherewords
in conceptnamegendto be usedin a singlesensgnhamely
the aerospacasense).As aresult,almostall of the (mary)
mis-generalizationbypothesizedy the algorithmarenon-
Thesaurugonceptsandthusdo not contribute links to the
enhanced hesaurusWe qualitatively evaluatethe effect of
thegraphenhancemerglgorithmlaterin this paper

Natural Language Processing of Compound Nouns

As a generalizatiorof this approachwe have startedwork
applying more sophisticatednatural languageprocessing
technologyto analyzecompoundnounsin the Thesaurus.
This offersseveraladvantages:

1. It providesbetterregularizationof word variations(e.g.,

recognizingthat “antisubmarine”,“anti-submarine”,and
“anti submarine’areall variantsof the sameconcept).

2. It can help disambiguatethe appropriateword sense,
basedntheotherwordsin thecompounde.g.,"manual’
in “transmissiormanual’refersto the concepwof “manu-
als(documentation)”not “hand-operated”).

3. It can help identify appropriateword grouping (brack-
eting), e.g., “advancedknowledge engineering’= “ad-
vancedknowledgeengineering)”not“(advancedknowl-
edge)engineering”.

4. It canrefinethe all-encompassingrelatedto” link into
finer semanticcategories, e.g., identifying that “coal” is
ther esul t of “coal mining”, while “strip” is the man-
ner of “strip mining”.

An interactive prototypesystemcalledNCAS (Noun Com-

pound Analysis System)was developedto perform this

task. Word regularization,part of speechinformation,and

identification of possiblebracletings are performedby a

standardparsingcomponent. For word sensedisambigua-

tion, preferredbracketing, and identification of the head-
modifier relation, we follow a knowledge-basedinguistic
approachof using a setof noun-noun(and also adjectve-
noun)interpretatiorrules. Similar approache nouncom-
pound interpretationhave beenperformedby others, for
example(Barker & Szpalowicz 1998; Vanderwendd 993;
Finin 1986). An exampleof aninterpretatiorrule is:

For compound'modifierhead (e.g.,“metaltube”):
IF modifierisaMat eri al
AND headisaPhysi cal - Obj ect
THEN headi s- made- of modifier.

A setof 27 noun-nounrelation types were chosen(e.g.,
agent ,causes,cont ai ns, | ocat i on) by memgingre-

lations from our previous NLP work (Holmback, Duncan,
& Harrison2000) with Barker's list (Barker & Szpalow-

icz 1998), and then thesewere augmentedo fit the The-
saurusdata. This latter stepwasbasedon manualanalysis
of the450mostcommonnouncompoundshatwereeithera
Thesaurugoncepinameor a subphrasef a conceptname.
As well asidentifying the relationtype, the rulesconstrain
which word sensesan co-occur For example,the above
rule constrains‘tube” in “metal tube” to be a physicalob-
ject (e.g.,apipe), thusruling out “tube” in the sense®f an
abstracgeometricshapeor a subway.



Ourworkin thisareais still preliminary andtherulebase,
word senseclassificatiorhierarchy andassociatiorof word
sensesvith Thesaurugonceptsarestill incomplete. How-
ever, processingdf noun compoundsn this way, or more
generally dictionary definitions, e.g., similar to MindNet
(Dolan, Vanderwende& Richardson1993), may prove to
be a usefuladditionalway to augmenthe semantidknowl-
edgebase.

Handling non-Thesaur us Concepts

In additionto processinghe conceptswithin the Thesaurus
the naturallanguageprocessingf compoundnounsoffers
away of dealingwith conceptghataremissingin the The-
saurushutareof interesto theuser(eitherto expresshis/her
areaof expertise,or to performa search).Currently if an
expertcannotfind a suitableconcepto characterizéis/her
expertise acommonstratayy is to useasetof conceptseach
representingan elementof his/her desiredconceptname.
For example,anexpertin “documentreleasing’(missingin
theThesaurusjnaytaghim/herselfwith theconceptsdocu-
ments”and‘releasing”. Thisis problematicbecausdis/her
expertiseis not aboutreleasingn general but abouta par
ticular type of releasing(namelyof documents).However,
by tagging him/herselfwith the general“releasing” con-
cept, he/shewill be considerechighly relevantto concepts
neighboring'releasing”in theThesaurussuchas“venting”,
“emission”,etc.,aclearlyundesirableeonsequence.

Instead,we would like the systemto acceptthis com-
poundnounasa new conceptrepresentedsa structurede-
noting the relationshipbetweernits constituentsratherthan
asa setof independentonceptswhich we caninformally
sketchas:

"Document Releasing® [ Documenty =+ | Releasing

— | Releasing
object: Documentg

The noun-nounprocessingtechnologywe have imple-
mentedcan be usedfor exactly this task, by interactvely
(or automatically)linking the users new conceptto exist-
ing concepts,both for classifying resourcesand posinga
searchquery This would mark a significantshift in cata-
loging/classificatiorfrom ataskof conceptselectionto one
of conceptconstructionfrom primitives.

Evaluation

Findinggoodevaluationmetricsfor this style of application
is challenging. The ultimate succes®f the ExpertLocator
applicationrelieson severalfactors:thequality of theunder
lying knowledge-basdthe enhancedhesaurus)the search
algorithm,the ability of expertsto label themselesappro-
priatelywith thesaurugonceptsn thefirst place theability
of usersto identify their conceptsof interestto performa
searchandotherissuessuchas speedandthe friendliness
of theinterface. Thusit is importantto considerwhich as-
pect(s)of the systemarebeingevaluated(the original The-
saurus?the enhancementsthe experts’ ability to describe
themseles?). In addition, it is difficult to selectwhat to

comparehethelLocatoragains{(i.e., whatconstitutes'suc-
cess™?).

There are several weak indicatorsof the systems util-
ity that we canpointto. The systemis deployed and has
achievedlimited but sustainedise(averagingapproximately
1.2 searcheper workday since June1999), with 163 ex-
pertsin our organizationcurrentlyself-registeredusing314
subjectareas(concepts)mainly in the fields of computer
scienceandmathematicgour organizations maintechnolo-
gies). Feedbaclkhasbeenvery positive, and has spavned
the constructionof a second Jarger application,indexing a
separatelargercommunityof experts. This secondapplica-
tion wasdeployedin March2000,andhasbeenusedfor 596
searchesluringits first threeweeksof use(i.e., to time of
writing), eventhoughits availability hasnotbeenwidely ad-
vertisedyet. The mostsignificantrequiremenpeoplehave
pointedto is not with the concept-basedearchitself, but to
restrictthis searcho asubsebf thedatabaseonstrainedy
simpleattributefilters, e.g.,yearsat Boeing,job type. This
is a straightforward extensionwhich we are planningto in-
corporate.

In a trivial way, the ExpertLocatorimproveson simple
word-basedsearchef an expertise databasesimply be-
cause,by definition, it doesnot require the userto enter
exactly (or indeedary) of the subjectsthe expertsclassi-
fied themselesunder but will insteadfind “relevant” ex-
pertsevenif thereis notanexactmatchwith a users query
Two specificquestionsare how the size of the search(i.e.,
thedistanceboundon the searchfrom theinitial concept(s),
in numberof links) affects precisionand recall, and what
effect the automaticenhancementf the original Thesaurus
with subsumptiorandrelated-tdinks hashad.

As aroughevaluationof this phenomenonye performed
ananalysisin which a humanexpert selecteca concepthe
knew about,andthenscoreda randomsampleof the con-
ceptsatdistanced, 2, and3 away accordingto a subjectve
measuref “relevance”,similar to semantiadistanceexper
imentsin psychologye.g., (Brooks 1998),on a scoreof 0
(completelyirrelevant)to 10 (completelyrelevant). The as-
sumptionhereis thatto the extenta conceptis relevant,an
experton that conceptwould be ableto answera question
aboutthe original selectedconcept. This assessmenvas
performedusingboththe original Thesaurugloneandwith
theadditionallinks automaticallyadded.

We canusethesemeasureto assesghe ExpertLocator's
searchas follows: for eachconceptC; in the Thesaurus,
let r;; = 0 if conceptC; is deemedcompletelyirrelevant
toit, or 1if it is deemedcompletelyrelevant. Thus,if a
searchfor conceptgelevantto a conceptC; retrievescon-
ceptsCh, ..., Cn, then (using standarddefinitions) pr eci-
sion = Z;VZI ri;/IN (the proportionof hit conceptswhich
arerelevant),andrecall = Zj.vzl i/ Zﬁl r;; (thepropor
tion of relevantconceptsvhicharehit), whereM is thetotal
numberof conceptsn the Thesaurusln our case wherewe
have ‘degreesof relevance’,we allow r;; to alsotake frac-
tional valuesbetweerD and1 (= (the manuallyjudgedrele-
vanceonthe0 to 10 scale)/10) As assessin@j.\i1 ri; (the
total numberof conceptsrelevantto C; in the Thesaurus,



RadiusD Original Thesauru&raph Enhancedsraph
of search| Precision(%) Relatve Recall(%) | Precision(%) Relatve Recall(%)
0 100+0 642 100+0 642
1 8443 2646 8043 39+1
2 58+6 4847 5745 75+9
3 50+6 65+£10 42 47 100*

Table2: Variationof precisionandrecall(relative to recallwithin distance3 in theenhancedraph,*) in locatingconceptsele-
vantto someinitial startingconcept.+ denotestandarcerror. Theresultsshav thatthe Thesaurugnhancementsignificantly

improverecall,with only aminimal negative effect on precision.

weightedby relevance)is impractical(M = 37,000),we in-
steadassumall relevantconceptsarewithin adistancahree
in the enhancedrhesaurusand thus the recall scoresare
only relative to conceptsn this set(hence‘relative recall”).
This assumptioronly affectsthe factorby which therecall
scoresarenormalized not their relative sizes,which is our
main interestfor this comparatie study The results,aver-
agedoverfive differenttrials, i.e., for five differentconcepts
C;, areshavnin Table2.

Theseresultssuggesthat enhancingthe Thesaurushas
hadonly a minimal negative effect on precision,while sig-
nificantly increasingrecall. In otherwords, the automati-
cally addedlinks are apparentlyof comparableguality, in
denotingrelevance, as the original manually addedlinks,
andallow assignificantlylargernumberof relevantconcepts
(thusexperts)to beidentifiedduringsearch.Theoccasional
errorsin thelinking algorithm(e.g.,dueto not recognizing
word sensechange)is probablyone contributing factorto
thefractionaldifferencen thesefigures.

Discussion, Critique, and Conclusion

Perhapghe mostsignificantresultof this work is to high-
light the potentialvalue of combininga technicalthesaurus
with simple Al techniquef search subsumptiorcompu-
tation, and languageprocessing.allowing us to construct
anddeploy a practicalexpertlocationsystemin avery short
time. Library sciencehasspentmary yearsbuilding con-
ceptuakaxonomiesn theform of thesauriandtheresources
availabletherearesometime®verlookedin Al researchWe
have demonstratetiow we canexploit this work for a prac-
tical taskin combinationwith Al techniquesandhave also
speculatecbn more sophisticatedAl methodswhich could
beappliedto furtherenhancehe application.

In someways, the utility of the ExpertLocatoris some-
whatsurprising,giventhe well-known difficultiesin equat-
ing “numberof links” with “relevance”,e.g.,(Resnik1995).
In fact, our experiencelargely confirms previous findings
that, in general,link distanceis a weak measureof rele-
vance,and only in the restrictedcaseof very short paths
(lengthsl or 2) wasthis a meaningfulmeasureo use(Ta-
ble 1), contraryto our initial expectations.A secondpoint
of noteis that we are using a technical(ratherthan gen-
eral) thesaurushighly customizedto our particularappli-
cationdomainand compaly’s actiities. This providesan
importantfilter, asonly aerospace/Boeing-specifioncepts
and relationshipsare present.thus automatically“biasing”

the knowledgeto just that requiredfor the domainat hand.
In factour initial work startedwith WordNet (Miller et al.
1993)(a general-purposkexical referencesystemof linked
concepts),but was quickly abandonedprecisely because
mary of thelinks it containedvereirrelevantanddetrimen-
tal to aerospace-specifgueries. The domain-specificityof
the Boeing Thesaurusot only constrainssearchby encod-
ing justa domain-specifiaotion of relevance but alsocon-
strainsthe Thesaurusenhancemenalgorithmto add only
aerospace-relantlinks (e.g.,“giant hangar"will notbere-
latedto the concept‘giants” preciselybecausehe concept
“giants” is notin the Thesaurus)ln addition,mistakesfrom
word ambiguityin conceptnamesaresignificantlyreduced,
aswordstendto be usedin thesame(aerospacedense.

It is alsoclearthattherearefurther developmentsvhich
canbemade.In particular alist of conceptss arathercrude
characterizatiorof an expert’s ability or a users informa-
tion need,and using structuredrepresentations/ould help
considerablyin this respectasdiscussectarlier Similarly,
migrating the Thesaurugo a knowledge-basewnith more
rigoroussemanticavould enableinferencingand question-
answeringservicego beaddedandprovide abasisfor com-
puting relevanceusing more principled domainknowledge
ratherthanconceptassociationsHowever, the simplicity of
the presentedapproachis alsoa considerablestrength— it
hasalloweda practicalsystemto be built anddeployed,and
in away which s easilyreproducibleby others.It alsopro-
videsa springboardrom which theserefinementcannow
be explored.

Specificto theexpertlocationtask,we have assumedhat
expertrelevanceis equatedwith conceptrelevance. While
thereis obviously animportantrelationship,it is alsoclear
thereare otherimportantfactorswhich we have not taken
into accountge.g.,anexpert’s yearsof experienceJocation,
and position in the compaly, which should be addedfor
selectingthe portion of the databasdo search. We have
also not attemptedto quantify the “quality” of an expert,
e.g., throughrecommendationfrom othersor “social fil-
tering”, as performedby so-calledrecommendesystems
(Kautz1998)suchasReferral\eb (Kautz, Selman& Shah
1997). This would be anothempossibledimensionfor expert
locationto explore.

Althoughwe havefocussedn expertlocation,thereis es-
sentiallynothingin the presente@dpproactwhichis specific
to this task,andthe sameapproachcould be appliedor in-
tegratedwith searchfor otherresourcetypes,e.g.,projects,
documentsandwork groups.Again, a concept-baseihdex



of the resourceentitieswould be neededwhich could be
constructectithermanuallyor (in the caseof text) automat-
ically usingstatisticalmethodgManning& Schutzel999).
This pointsto the exciting possibility of usinga thesaurus-
derivedknowledge-baséor organizingandindexing awide
varietyof informationresourcesagaincouplingmary years
work in library sciencewith Al techniqueso provide poten-
tially valuableinformationmanagemenrgervicesanavenue
whichwe arecurrentlyexploring.
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