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Abstract

Document retrieval in languageswith
a rich and complex morphology – par-
ticularly in terms of derivation and
(single-word) composition– suffers from
seriousperformancedegradationwith the
stemming-only query-term-to-text-word
matching paradigm. We propose an
alternative approachin whichmorpholog-
ically complex word formsaresegmented
into relevant subwords (such as stems,
namedentities,acronyms), andsubwords
constitutethe basicunit for indexing and
retrieval. We evaluateour approachon a
largebiomedicaldocumentcollection.

1 Introduction

Morphologicalalterationsof a searchterm have a
negative impact on the recall performanceof an
information retrieval (IR) system(Choueka,1990;
JäppinenandNiemisẗo, 1988;Kraaij andPohlmann,
1996),sincethey precludea direct matchbetween
the searchterm properand its morphologicalvari-
antsin the documentsto be retrieved. In order to
cope with such variation, morphologicalanalysis
is concernedwith the reverseprocessingof inflec-
tion (e.g., ‘search

�
ed’, ‘search

�
ing’)1, derivation

(e.g., ‘search
�

er’ or ‘search
�

able’) andcomposi-
tion (e.g.,German‘Blut

�
hoch

�
druck’ [‘high blood

pressure’]). The goal is to mapall occurringmor-
phologicalvariantsto somecanonicalbaseform —
e.g.,‘search’ in theexamplesfrom above.

The efforts requiredfor performingmorphologi-
cal analysisvary from languageto language. For
English, known for its limited number of inflec-
tion patterns, lexicon-free general-purposestem-

1‘ � ’ denotesthestringconcatenationoperator.

mers(Lovins,1968;Porter, 1980)demonstrablyim-
prove retrieval performance.This hasbeenreported
for otherlanguages,too, dependenton thegeneral-
ity of thechosenapproach(JäppinenandNiemisẗo,
1988; Choueka,1990; Popovic and Willett, 1992;
Ekmekçioglu et al., 1995; Hedlund et al., 2001;
Pirkola, 2001). Whenit comesto a broaderscope
of morphologicalanalysis,includingderivationand
composition,evenfor theEnglishlanguageonly re-
stricted,domain-specificalgorithmsexist. This is
particularly true for the medicaldomain. From an
IR view, a lot of specializedresearchhasalready
beencarriedout for medicalapplications,with em-
phasison the lexico-semanticaspectsof dederiva-
tion anddecomposition(Pacaket al., 1980;Norton
andPacak,1983;Wolff, 1984;Wingert, 1985;Du-
jols etal., 1991;Baudetal., 1998).

While one may argue that single-word com-
poundsare quite rare in English (which is not the
casein themedicaldomaineither),this is certainly
not true for Germanand other basically aggluti-
native languagesknown for excessive single-word
nominalcompounding.This problembecomeseven
more pressingfor technicalsublanguages,suchas
medical German(e.g., ‘Blut

�
druck

�
mess

�
gerät’

translatesto ‘devicefor measuringbloodpressure’).
Theproblemonefacesfrom an IR point of view is
thatbesidesfairly standardizednominalcompounds,
whichalreadyform aregularpartof thesublanguage
proper, a myriad of ad hoc compoundsareformed
on thefly which cannotbeanticipatedwhenformu-
lating a retrieval query thoughthey appearin rele-
vantdocuments.Hence,enumeratingmorphological
variantsin a semi-automaticallygeneratedlexicon,
suchas proposedfor French(Zweigenbaumet al.,
2001),turnsout to beinfeasible,at leastfor German
andrelatedlanguages.
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Furthermore,medical terminology is character-
izedby a typical mix of Latin andGreekrootswith
thecorrespondinghostlanguage(e.g.,German),of-
ten referredto asneo-classicalcompounding(Mc-
Cray et al., 1988). While this is simply irrelevant
for general-purposemorphologicalanalyzers,deal-
ing with suchphenomenais crucial for any attempt
to copeadequatelywith medicalfree-texts in an IR
setting(Wolff, 1984).

We here proposean approachto documentre-
trieval which is basedon the idea of segment-
ing queryand documenttermsinto basicsubword
units.Hence,thisapproachcombinesproceduresfor
deflection,dederivation and decomposition. Sub-
wordscannotbe equatedwith linguistically signif-
icant morphemes,in general,sincetheir granular-
ity maybe coarserthanthatof morphemes(cf. our
discussionin Section2). We validateour claimsin
Section4 onasubstantialbiomedicaldocumentcol-
lection(cf. Section3).

2 Morphological Analysis for Medical IR

Morphological analysis for IR has requirements
which differ from thosefor NLP proper. Accord-
ingly, the decompositionunits vary, too. Within
a canonicalNLP framework, linguistically signif-
icant morphemesare chosenas nondecomposable
entitiesanddefinedasthe smallestcontent-bearing
(stem) or grammaticallyrelevant units (affixessuch
asprefixes,infixesandsuffixes). As an IR alterna-
tive, we hereproposesubwords (and grammatical
affixes)asthesmallestunitsof morphologicalanal-
ysis. Subwordsdiffer from morphemesonly, if the
meaningof a combinationof linguistically signifi-
cantmorphemesis (almost)equalto thatof another
nondecomposablemedicalsynonym. In this way,
subwordspreserve a sublanguage-specific compos-
ite meaningthatwouldgetlost, if they weresplit up
into their constituentmorphemeparts.

Hence,wetradelinguisticatomicityagainstmed-
ical plausibility and claim that the latter is ben-
eficial for boosting the system’s retrieval perfor-
mance. For instance,a medically justified mini-
mal segmentationof ‘diaphysis’ into ‘diaphys

�
is’

will bepreferredover a linguistically motivatedone
(‘dia

�
phys

�
is’), becausethe first can be mapped

to thequasi-synonym stem‘shaft’. Sucha mapping

would not be possiblewith the overly unspecific
morphemes‘dia’ and ‘phys’, which occur in nu-
merousother contexts as well (e.g.‘dia

�
gnos

�
is’,

‘phys
�

io
�

logy’). Hence,a decreaseof the preci-
sion of the retrieval systemwould be highly likely
due to over-segmentationof semanticallyopaque
compounds. Accordingly, we distinguishthe fol-
lowing decompositionclasses:

Subwordslike � ‘gastr’, ‘hepat’, ‘nier’, ‘leuk’, ‘di-
aphys’, ������� are the primary contentcarriersin a
word. They canbe prefixed, linked by infixes,and
suffixed. As a particularityof the Germanmedical
language,propernamesmayappearaspartof com-
plex nouns(e.g., ‘Parkinson

�
verdacht’ [‘suspicion

of Parkinson’s disease’]) andarethereforeincluded
in this category.

Shortwords, with four charactersor less, like� ‘ion’ , ‘gene’, ‘ovum’� , areclassifiedseparatelyap-
plying strictergrammaticalrules (e.g., they cannot
becomposedatall). Theirstems(e.g.,‘gen’ or ‘ov’)
are not includedin the dictionary in order to pre-
vent falseambiguities.Thepriceonehasto payfor
this decisionis the inclusion of derived and com-
posedforms in the subword dictionary (e.g., ‘an-
ion’,‘genet’,‘ovul’).

Acronymssuchas � ‘AIDS’, ‘ECG’, ������� andab-
breviations(e.g.,‘chron.’ [for ‘chronical’], ‘diabet.’
[for ‘diabetical’]) are nondecomposableentitiesin
morphologicaltermsanddonotundergo any further
morphologicalvariation,e.g.,by suffixing.

Prefixes like � ‘a-’, ‘de-’, ‘in-’, ‘ent-’, ‘ver-’,
‘anti-’, ������� precedeasubword.

Infixes (e.g., ‘-o-’ in “gastr
�

o
�

intestinal”, or
‘-s-’ in ‘Sektion

�
s
�

bericht’ [‘autopsyreport’]) are
usedasa(phonologicallymotivated)‘glue’ between
morphemes,typically asa link betweensubwords.

Derivationalsuffixes such as � ‘-io-’, ‘-ion-’,
‘-ie-’, ‘-ung-’, ‘-itis-’, ‘-tomie-’, ������� usuallyfollow
asubword.

Inflectionalsuffixes like � ‘-e’ , ‘-en’, ‘-s’, ‘-idis’,
‘-ae’, ‘-oris’ , ������� appearat thevery endof a com-
positeword form following thesubwordsor deriva-
tional suffixes.

Prior to segmentationa language-specificortho-
graphicnormalizationstep is performed. It maps
Germanumlauts‘ ä’, ‘ ö’, and ‘ ü’ to ‘ae’, ‘oe’, and
‘ue’, respectively, translates‘ca’ to ‘ka’ , etc. The
morphologicalsegmentationprocedurefor German



in January2002incorporatesa subword dictionary
composedof 4,648 subwords, 344 proper names,
and an affix list composedof 117 prefixes, 8 in-
fixesand120(derivationalandinflectional)suffixes,
makingup5,237entriesin total. 186stopwordsare
not usedfor segmentation.In termsof domaincov-
eragethe subword dictionary is adaptedto the ter-
minology of clinical medicine,including scientific
terms, clinicians’ jargon and popular expressions.
The subword dictionary is still in an experimental
stageand needson-goingmaintenance.Subword
entriesthat are consideredstrict synonyms are as-
signeda sharedidentifier. This thesaurus-styleex-
tensionis particularlydirectedat foreign-language
(mostly Greek or Latin) translatesof sourcelan-
guageterms,e.g.,German‘nier’ EQ Latin ‘r en’ (EQ

English‘kidney’), aswell asatstemvariants.
Themorphologicalanalyzerimplementsasimple

wordmodelusingregularexpressionsandprocesses
input strings following the principle of ‘longest
match’(bothfrom theleft andfrom theright). It per-
forms backtrackingwhenever recognitionremains
incomplete. If a completerecognitioncannotbe
achieved, theincompletesegmentationresults,nev-
ertheless,areconsideredfor indexing. In casethe
recognition procedureyields alternative complete
segmentationsfor aninputword,they arerankedac-
cording to preferencecriteria, suchas the minimal
numberof stemsperword,minimal numberof con-
secutive affixes,andrelative semanticweight.2

3 Experimental Setting

As documentcollection for our experimentswe
chosethe CD-ROM edition of MSD, a German-
languagehandbook of clinical medicine (MSD,
1993). It contains5,517 handbook-stylearticles
(about2.4 million text tokens)on a broadrangeof
clinical topicsusingbiomedicalterminology.

In our retrieval experimentswe tried to cover a
wide rangeof topicsfrom clinical medicine.Dueto
the importanceof searchinghealth-relatedcontents
bothfor medicalprofessionalsandthegeneralpub-
lic we collectedtwo setsof userqueries,viz. expert
queriesandlaymanqueries.

2A semanticweight � =2 is assignedto all subwords and
somesemanticallyimportantsuffixes,suchas‘-tomie’ [‘-tomy’]
or ‘-itis’ ; � =1 is assignedto prefixesandderivationalsuffixes;� =0 holdsfor inflectionalsuffixesandinfixes.

Expert Queries. A large collection of multi-
ple choicequestionsfrom the nationally standard-
ized year 5 examinationquestionnairefor medical
studentsin Germany constitutedthe basisof this
query set. Out of a total of 580 questionswe se-
lected210onesexplicitly addressingclinical issues
(in conformancewith the rangeof topics covered
by MSD). We thenasked 63 students(betweenthe
3rd and5th studyyear)from our university’s Med-
ical Schoolduring regular classroomhoursto for-
mulatefree-formnaturallanguagequeriesin order
to retrieve documentsthatwould help in answering
thesequestions,assumingan ideal searchengine.
Acronyms andabbreviationswereallowed, but the
lengthof eachquerywasrestrictedto a maximum
of ten terms. Eachstudentwasassignedten topics
at random,so we endedup with 630 queriesfrom
which 25 wererandomlychosenfor furtherconsid-
eration(thesetcontainedno duplicatequeries).

Layman Queries. The operatorsof a German-
languagemedical searchengine (http://www.
dr-antonius.de/) provided us with a set of
38,600loggedqueries. A randomsample( � =400)
wasclassifiedby amedicalexpertwhetherthey con-
tained medical jargon or the wording of laymen.
Only thosequerieswhichwereunivocally classified
aslaymanqueries(throughtheuseof non-technical
terminology)endedup in a subsetof 125 queries
from which27 wererandomlychosenfor ourstudy.

Thejudgmentsfor identifyingrelevantdocuments
in the whole test collection (5,517documents)for
eachof the 25 expert and27 laymanquerieswere
carriedout by threemedicalexperts(noneof them
was involved in the systemdevelopment). Given
sucha time-consumingtask, we investigatedonly
a small numberof userqueriesin our experiments.
This alsoelucidateswhy we did not addressinter-
raterreliability. Thequeriesandtherelevancejudg-
mentswerehiddenfrom thedevelopersof thesub-
worddictionary.

For unbiasedevaluationof ourapproach,weused
a home-grown searchengine(implementedin the
PYTHON script language). It crawls text/HTML
files, producesan inverted file index, and assigns
salienceweightsto termsanddocumentsbasedon
a simple tf-idf metric. The retrieval processrelies
on the vectorspacemodel(Salton,1989),with the
cosinemeasureexpressingthesimilarity betweena



queryanda document.Thesearchengineproduces
a rankedoutputof documents.

We alsoincorporateproximity data,sincethis in-
formationbecomesparticularlyimportantin theseg-
mentationof complex word forms. So a distinc-
tion mustbe madebetweena documentcontaining
‘append

�
ectomy’ and ‘thyroid

�
itis’ and another

onecontaining‘append
�

ic
�

itis’ and‘thyroid
�

ec-
tomy’. Our proximity criterion assignsa higher
rankingto adjacentandaloweroneto distantsearch
terms. This is achieved by an adjacencyoffset,	�
 , which is addedto the cosinemeasureof each
document. For a query � consistingof � terms,�������������������������� , the minimal distancebetweena
pairof termsin adocument,( ��������� ), is referredto by���! !" #

. Theoffsetis thencalculatedasfollows:

$&%(' )*,+�*.-0/�1
23  5476
 �8963#�476 /: ;=<?>!@ A=: (1)

Wedistinguishedfour differentconditionsfor the
retrieval experiments,viz.plaintokenmatch,trigram
match,plainsubwordmatch,andsubwordmatchin-
corporatingsynonym expansion:

Plain Token Match (WS). A direct match be-
tweentext tokensin adocumentandthosein aquery
is tried. No normalizingtermprocessing(stemming,
etc.) is done prior to indexing or evaluating the
query. Thesearchwasrun on anindex coveringthe
entire documentcollection (182,306index terms).
This scenarioservesasthebaselinefor determining
thebenefitsof ourapproach.3

Trigram Match (TG). As analternative lexicon-
free indexing approach(which is morerobust rela-
tive to misspellingsand suffix variations)we con-
sideredeachdocumentandeachquery indexed by
all of their substringswith characterlength‘3’.

Subword Match (SU). We created an index
building upon the principles of the subword ap-
proachas describedin Section2. Morphological
segmentationyielded a shrunk index, with 39,315
index termsremaining.This equalsa reductionrate
of 78% comparedwith the numberof text typesin
thecollection.4

3This is a reasonablebaseline,since up to now there is
nogeneral-purpose,broad-coveragemorphologicalanalyzerfor
Germanavailable,which formspartof a standardretrieval en-
gine.

4The datafor the English version,50,934text typeswith

Synonym-Enhanced Subword Match (SY). In-
steadof subwords,synonym classidentifierswhich
standfor severalsubwordsareusedasindex terms.

The following add-onsweresuppliedfor further
parametrizingtheretrieval process:

Orthographic Normalization (O). In a prepro-
cessingstep,orthographicnormalizationrules (cf.
Section2) wereappliedto queriesanddocuments.

Adjacency Boost (A). Informationaboutthepo-
sition of each index term in the document(see
above) is madeavailablefor thesearchprocess.

Table1 summarizesthedifferenttestscenarios.

Nameof Index Orthographic Adjacency
Test Madeof Normalization Boost
WS Words - -
WSA Words - +
WSO Words + -
WSAO Words + +
TG Trigrams - -
SU Subwords + +
SY Synonym + +

ClassIds

Table1: DifferentTestScenarios

4 Experimental Results

Theassessmentof theexperimentalresultsis based
on theaggregationof all 52 selectedquerieson the
onehand,andon a separateanalysisof expert vs.
laymanqueries,on theotherhand.In particular, we
calculatedtheaverageinterpolatedprecisionvalues
at fixed recall levels (we chosea continuousincre-
mentof 10%)basedon theconsiderationof thetop
200 documentsretrieved. Additionally, we provide
theaverageof theprecisionvaluesatall elevenfixed
recalllevels(11ptrecall),andtheaverageof thepre-
cision valuesat the recall levels of 20%, 50%, and
80%(3pt recall).

We herediscussthe resultsfrom the analysisof
thecompletequerysetthedataof which is givenin
Table2 and visualizedin Figure 1. For our base-
line (WS), thedirectmatchbetweenquerytermsand
documentterms,precisionis alreadypoorat low re-
call points( BDCFE�GIH ), rangingin an interval from
53.3%to 31.9%. At high recall points( BKJMLNGIH ),

24,539index entriesremainingafter segmentation,indicatesa
significantlylower reductionrateof 52%. The sizeof theEn-
glishsubworddictionary(only 300entrieslessthantheGerman
one)doesnot explain thedata.Ratherthis finding revealsthat
theEnglishcorpushasfewer single-word compoundsthanthe
Germanone.



Precision(%)
Rec. WS WSA WSO WS TG SU SY
(%) AO
0 53.3 56.1 53.3 60.0 54.8 74.0 73.2
10 46.6 50.7 46.1 55.8 45.4 62.3 61.0
20 37.4 40.1 37.0 42.1 32.1 52.3 51.7
30 31.9 33.2 31.5 34.5 26.3 45.8 45.1
40 28.9 30.4 28.0 30.3 20.2 39.2 36.5
50 26.6 28.6 26.0 28.7 15.9 35.6 32.7
60 24.5 25.9 23.5 25.0 9.3 29.7 28.1
70 19.1 19.9 17.9 18.7 6.5 24.4 22.7
80 14.4 15.2 13.0 14.0 4.4 19.6 18.1
90 9.5 9.8 9.6 9.9 0.8 14.7 14.6
100 3.7 3.9 3.8 4.0 0.64 10.0 10.2
3pt 26.1 28.0 25.3 28.3 17.4 35.8 34.1
avr
11pt 26.9 28.5 26.3 29.4 19.6 37.0 35.8
avr

Table2: Precision/RecallTablefor All Queries

precisiondropsfrom 19.1%to 3.7%.Whenwetake
termproximity (adjacency) into account(WSA), we
observe a small thoughstatisticallyinsignificantin-
creasein precisionatall recallpoints,1.6%onaver-
age.Orthographicnormalizationonly (WSO), how-
ever, caused,interestingly, a marginal decreaseof
precision,0.6% on average. When both parame-
ters,orthographicnormalizationandadjacency, are
combined(WSAO), they produceanincreaseof pre-
cision at nine from eleven recall points, 2.5% on
averagecomparedwith WS. None of thesediffer-
encesarestatisticallysignificantwhenthetwo-tailed
Wilcoxon testis appliedat all elevenrecalllevels.

Trigram indexing (TG) yields the poorestresults
of all methodologiesbeing tested. It is compara-
ble to WSat low recall levels ( BOC�E�GIH ), but at
high ones its precisiondecreasesalmost dramati-
cally. Unlessvery high ratesof misspellingsareto
be expected(this explains the favorableresultsfor
trigramindexing in (Franzet al., 2000))onecannot
really recommendthismethod.

The subword approach(SU) clearly outperforms
the previously discussedapproaches.We compare
it herewith WSAO, thebest-performinglexicon-free
method.Within thissetting,thegainin precisionfor
SU rangesfrom 6.5%to 14%( BPCQE�GIH ), while for
high recallvalues( BRJMLNGIH ) it is still in therange
of 4.8% to 6%. Indexing by synonym classiden-
tifiers (SY) resultsin a marginal decreaseof overall
performancecomparedwith SU. To estimatethesta-
tistical significanceof thedifferencesSUvs.WSAO
andSYvs. WSAO, we comparedvaluepairsat each

Average Precision - Recall
52 Queries; n = 200 top ranked documents
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Figure1: Precision/RecallGraphfor All Queries

fixedrecalllevel, usingthetwo-tailedWilcoxon test
(for a descriptionandits applicability for the inter-
pretationof precision/recallgraphs,cf. (Rijsbergen,
1979)).Statisticallysignificantresults( SUTWV�H ) are
in bold facein Table2.

The datafor the comparisonbetweenexpert and
laymanqueriesis given in the Tables3 and 4, re-
spectively, andthey arevisualizedin the Figures2
and3, respectively. Theprimafacieobservationthat
laymanrecalldatais higherthanthoseof theexperts
is of little value,sincethequerieswereacquiredin
quite differentways(cf. Section3). The adjacency
criterion for word index search(WSA) hasno influ-
enceon the laymanqueries,probablybecausethey
containfewer searchterms. This may alsoexplain
thepoorperformanceof trigramsearch.A consider-
ably highergainfor thesubword indexing approach
(SU) is evident from the data for laymanqueries.
Comparedwith WSAO, theaveragegainin precision
amountsto 9.6%for laymanqueries,but only 5.6%
for expert queries. The differenceis also obvious
whenwe comparethestatisticallysignificantdiffer-
ences( SXTYV�H ) in both tables(bold face). This
is alsocompatiblewith the finding that the rateof
query result mismatches(caseswherea query did
not yield any documentas an answer)equalszero
for SU, but amountsto 8%and29.6%for expertand
laymenqueries,respectively, runningunderthe to-
kenmatchparadigmWS*(cf. Table5).

Whenwe comparethe resultsfor synonym class
indexing ( Z\[ ), we note a small, though statisti-
cally insignificantimprovementfor laymanqueries
at somerecall points. We attribute thedifferentre-



Precision(%)
Rec. WS WSA WSO WS TG SU SY
(%) AO
0 50.5 56.8 50.3 60.8 56.6 67.3 64.7
10 45.8 53.2 44.6 59.8 48.7 60.3 60.3
20 39.3 44.7 38.1 48.6 35.8 50.8 50.3
30 32.2 34.8 31.0 37.3 30.6 46.5 45.7
40 26.3 29.3 24.3 29.0 21.6 37.3 32.0
50 22.3 26.5 20.9 26.5 19.7 34.2 28.3
60 19.2 22.0 16.9 20.1 10.9 24.7 20.3
70 11.8 13.5 9.3 11.1 7.7 19.9 15.7
80 9.9 11.6 7.1 9.1 6.5 14.2 10.3
90 3.7 4.4 4.1 4.7 1.7 9.2 8.3
100 3.6 4.0 4.0 4.4 1.3 8.3 7.6
3pt 23.8 27.6 22.1 28.1 20.7 33.1 29.7
avr
11pt 24.1 27.3 22.8 28.3 21.9 33.9 31.2
avr

Table3: Precision/RecallTablefor ExpertQueries

Precision(%)
Rec. WS WSA WSO WS TG SU SY
(%) AO
0 55.8 55.4 56.1 59.1 53.2 80.3 81.0
10 47.3 48.5 47.6 52.2 42.2 64.0 61.6
20 35.6 35.8 35.9 36.2 28.6 53.6 52.9
30 31.7 31.7 31.9 31.9 22.2 45.1 44.5
40 31.3 31.3 31.4 31.4 19.0 41.0 40.7
50 30.6 30.6 30.7 30.7 12.3 36.8 36.8
60 29.5 29.5 29.6 29.6 7.8 34.4 35.3
70 25.8 25.8 25.8 25.8 5.3 28.5 29.2
80 18.5 18.5 18.5 18.5 2.5 24.6 25.3
90 14.8 14.8 14.8 14.8 0.0 19.7 20.5
100 3.7 3.7 3.7 3.7 0.0 11.5 12.7
3pt 28.2 28.3 28.4 28.5 14.4 38.3 38.4
avr
11pt 29.5 29.6 29.6 30.4 17.5 40.0 40.0
avr

Table4: Precision/RecallTablefor LaymanQueries

sultspartly to thelowerbaselinefor laymanqueries,
partly to theprobablymoreaccentuatedvocabulary
mismatchbetweenlaymanqueriesand documents
usingexpert terminology. However, this difference
is below the level we expected.In forthcomingre-
leasesof thesubword dictionaryin which coverage,
stop word lists and synonym classeswill be aug-
mented,we hopeto demonstratetheaddedvalueof
thesubword approachmoreconvincingly.

Generalizingthe interpretationof our datain the
light of thesefindings,werecognizeasubstantialin-
creaseof retrieval performancewhenqueryandtext
tokensaresegmentedaccordingto theprinciplesof
thesubwordmodel.Thegainis still notoverwhelm-
ing.

Average Precision - Recall
25 Expert Queries; n = 200 top ranked documents
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Figure2: Precision/RecallGraphfor ExpertQueries

Average Precision - Recall
27 Laymen Queries; n = 200 top ranked documents
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Figure3: Precision/RecallGraphfor LaymanQueries

With regard to orthographic normalization, we
expecteda higher performancebenefitbecauseof
thewell-known spellingproblemsfor Germanmed-
ical terms of Latin or Greek origin (such as in
‘Zäkum’, ‘Cäkum’, ‘Zaekum’, ‘Caekum’, ‘Zaecum’,
‘Caecum’). For our experiments,however, we used
quiteahomogeneousdocumentcollectionfollowing
the spelling standardsof medicalpublishers. The
samestandardsapparentlyapplied to the original
multiple choicequestions,by which theacquisition
of expertquerieswasguided(cf. Section3). In the
laymanqueries,therewereonly few Latin or Greek
terms,and,therefore,they did not take advantageof
thespellingnormalization.However, theexperience
with medicaltext retrieval (especiallyonmedicalre-
portswhichexhibit ahighrateof spellingvariations)
shows thatorthographicnormalizationis a desider-



Rateof Query/ DocumentMismatch(%)
WS WSA WSO WSAO TG SU SY

Exp. 8.0 8.0 8.0 8.0 0.0 0.0 0.0
Lay. 29.6 29.6 29.6 29.6 0.0 0.0 0.0
All 19.2 19.2 19.2 19.2 0.0 0.0 0.0

Table5: Query/ DocumentMismatch

atumfor enhancedretrieval quality. The proximity
(adjacency) of searchtermsasa crucial parameter
for outputrankingproveduseful,sowe useit asde-
fault for subword andsynonym classindexing.

Whereastheusefulnessof Subword Indexing be-
cameevident, we could not provide sufficient evi-
dencefor SynonymClassIndexing, sofar. However,
synonym mappingis still incompletein the current
stateof oursubworddictionary. A questionwehave
to deal with in the future is an alternative way to
evaluatethecomparative valueof synonym classin-
dexing. We have reasonto believe that precision
cannotbe taken asthe solemeasurefor the advan-
tagesof a queryexpansionin caseswherethe sub-
word approach is alreadysuperior(for all layman
and expert queriesthis method retrieved relevant
documents,whereasword-basedmethodsfailed in
29.6%of the laymanqueriesand8% of the expert
queries,cf. Figure5). It wouldbeinterestingto eval-
uatetheretrieval effectiveness(in termsof precision
andrecall)of differentversionsof thesynonymclass
indexing approachin thosecaseswhereretrieval us-
ing wordor subword indexesfailsdueto acomplete
mismatchbetweenqueryanddocuments.This will
becomeeven more interestingwhen mappingsof
oursynonym identifiersto a largemedicalthesaurus
(MeSH,(NLM, 2001))areincorporatedintooursys-
tem. Alternatively, we may think of user-centered
comparative studies(Hershetal., 1995).

4.1 The AltaVistaTM Experiment

Before we developedour own searchengine,we
usedtheAltaVistaTM Search Engine3.0 (http://
solutions.altavista.com) asour testbed,a
widely distributed, easyto install off-the-shelf IR
system. For the conditionsWSA, SU, and SY, we
give thecomparative resultsin Table6. Theexper-
iments were run on an earlier version of the dic-
tionary – hence,the different results. AltaVistaTM

yielded a superiorperformancefor all threemajor
test scenarioscomparedwith our home-grown en-
gine.This is notatall surprisinggivenall thetuning

Precision(%)
AltaVista Experimental

Recall WSA SU SY WSA SU SY
(%)
0 53.6 69.4 66.9 56.8 67.3 64.2
10 51.7 65.5 60.5 53.2 60.3 58.8
20 45.4 61.4 54.9 44.7 50.7 48.3
30 34.9 55.4 51.6 34.8 45.7 39.4
40 29.5 51.4 46.7 29.3 34.6 32.9
50 27.8 49.7 44.1 26.5 31.2 29.4
60 26.2 40.7 39.2 22.0 22.2 20.1
70 18.1 32.6 31.7 13.5 18.9 16.5
80 15.2 26.3 22.4 11.6 13.4 12.1
90 5.6 20.1 11.4 4.4 7.9 8.3
100 5.4 16.3 11.0 4.0 7.0 7.5
3pt 29.5 45.8 40.5 27.6 32.8 29.9
avrg
11pt 28.5 44.4 40.0 27.3 32.6 30.7
avrg

Table6: Precision/RecallTablefor ExpertQueriescomparing
theAltaVistaTM with ourExperimentalSearchEngine

efforts thatwent into AltaVistaTM . Thedatareveals
clearly that commerciallyavailable searchengines
comply with our indexing approach. In an exper-
imental setting,however, their use is hardly justi-
fiable becausetheir internaldesignremainshidden
and,therefore,cannotbemodifiedunderexperimen-
tal conditions.

Thebenefitof thesubwordindexing methodis ap-
parentlyhigherfor the commercialIR system.For
AltaVistaTM the averageprecisiongain was 15.9%
for SU and11.5%for SY, whereasour simpletfidf-
driven searchenginegainedonly 5.3%for SU and
3.4%for SY. Giventhe imbalancedbenefitfor both
systems(otherthingsbeingequal),it seemshighly
likely thattheparametersfeedingAltaVistaTM profit
evenmorefrom thesubwordapproachthanoursim-
ple prototypesystem.

5 Conclusions

Therehasbeensomecontroversy, at leastfor simple
stemmers(Lovins, 1968; Porter, 1980), about the
effectivenessof morphologicalanalysisfor docu-
mentretrieval (Harman,1991;Krovetz,1993;Hull,
1996). The key for quality improvementseemsto
berootedmainly in thepresenceor absenceof some
form of dictionary. Empirical evidencehas been
broughtforwardthatinflectionaland/orderivational
stemmersaugmentedby dictionaries indeed per-
form substantiallybetterthan thosewithout access



to suchlexical repositories(Krovetz, 1993; Kraaij
andPohlmann,1996;Tzoukermannetal., 1997).

This result is particularly valid for natural lan-
guageswith a rich morphology— both in terms
of derivation and(single-word) composition.Doc-
umentretrieval in theselanguagessuffers from se-
rious performancedegradationwith the stemming-
only query-term-to-text-word matchingparadigm.

We proposedhere a dictionary-basedapproach
in which morphologicallycomplex word forms,no
matterwhetherthey appearin queriesor in docu-
ments,are segmentedinto relevant subwords and
thesesubwords are subsequentlysubmittedto the
matchingprocedure.This way, the impactof word
form alterationscanbeeliminatedfrom theretrieval
procedure.

We evaluatedour hypothesison a large biomedi-
cal documentcollection.Our experimentslent (par-
tially statistically significant) support to the sub-
word hypothesis. The gain of subword indexing
wasslightly moreaccentuatedwith laymanqueries,
probablydueto ahighervocabulary mismatch.
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H. JäppinenandJ.Niemisẗo. 1988. Inflectionsandcompounds:
Somelinguistic problemsfor automaticindexing. In Proc.
of theRIAO 88Conference, volume1, pages333–342.

W. Kraaij andR. Pohlmann.1996.Viewing stemmingasrecall
enhancement.In Proc.of the19thInternationalACM SIGIR
Conference, pages40–48.

R. Krovetz. 1993. Viewing morphologyasan inferencepro-
cess. In Proceedingsof the 16th InternationalACM SIGIR
Conference, pages191–203.

J. Lovins. 1968. Developmentof a stemmingalgorithm.
Mechanical Translation and Computational Linguistics,
11(1/2):22–31.

A. McCray, A. Browne, andD. Moore. 1988. The semantic
structureof neo-classicalcompounds.In SCAMC’88– Proc.
of the12thAnnualSymposiumonComputerApplicationsin
MedicalCare, pages165–168.

MSD. 1993. – Manual der Diagnostikund Therapie [CD-
ROM]. München:Urban& Schwarzenberg, 5thedition.

NLM. 2001. Medical SubjectHeadings. Bethesda,MD: Na-
tionalLibrary of Medicine.

L. Norton andM. Pacak. 1983. Morphosemanticanalysisof
compoundword formsdenotingsurgical procedures.Meth-
odsof Informationin Medicine, 22(1):29–36.

M. Pacak,L. Norton, andG. Dunham. 1980. Morphoseman-
tic analysisof -itis forms in medicallanguage.Methodsof
Informationin Medicine, 19(2):99–105.

A. Pirkola. 2001.Morphologicaltypologyof languagesfor IR.
Journalof Documentation, 57(3):330–348.

M. Popovic andP. Willett. 1992. The effectivenessof stem-
ming for natural languageaccessto Slovene textual data.
Journal of the AmericanSocietyfor Information Science,
43(5):384–390.

M. Porter. 1980. An algorithmfor suffix stripping. Program,
14(3):130–137.

C. J. van Rijsbergen. 1979. InformationRetrieval. London:
Butterworths,2ndedition.

GerardSalton.1989.AutomaticText Processing. TheTransfor-
mation,AnalysisandRetrieval of InformationbyComputer.
Reading,MA: Addison-Wesley.

E. Tzoukermann,J. Klavans,andC. Jacquemin.1997. Effec-
tive useof natural languageprocessingtechniquesfor au-
tomaticconflationof multi-word terms: The role of deriva-
tionalmorphology, partof speechtagging,andshallow pars-
ing. In Proc. of the20th InternationalACM SIGIRConfer-
ence, pages148–155.

F. Wingert. 1985. Morphologicanalysisof compoundwords.
Methodsof Informationin Medicine, 24(3):155–162.

S. Wolff. 1984. Theuseof morphosemanticregularitiesin the
medicalvocabulary for automaticlexical coding. Methods
of Informationin Medicine, 23(4):195–203.

P. Zweigenbaum,S.Darmoni,andN. Grabar. 2001.Thecontri-
bution of morphologicalknowledgeto FrenchMESH map-
ping for information retrieval. In Proc. of the 2001AMIA
Fall Symposium, pages796–800.


