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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

seriousperformancelegradationwith the
stemming-only query-term-to-tet-word

matching paradigm. We propose an
alternatve approachin which morpholog-
ically complex word formsaresegmented
into relevant subwords (such as stems,
namedentities,acroryms), and subwords
constitutethe basicunit for indexing and
retrieval. We evaluateour approachon a
large biomedicaldocumentollection.

1 Introduction

Morphological alterationsof a searchterm have a
negative impact on the recall performanceof an
information retrieval (IR) system(Choueka,1990;
JappinerandNiemisD, 1988;Kraaij andPohlmann,
1996), sincethey precludea direct matchbetween
the searchterm properand its morphologicalvari-
antsin the documentdo be retrieved. In orderto
cope with such variation, morphologicalanalysis
is concernedwith the reverseprocessingf inflec-
tion (e.g., ‘'seach®ed’, ‘searchaing’)!, deriation
(e.g.,‘'search@er’ or ‘searchdable’) and composi-
tion (e.g.,GermanBlut@&hodédrud’ [*high blood
pressue’]). Thegoalis 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-

@’ denoteghestringconcatenatiomperator
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mers(Lovins, 1968;Porter 1980)demonstrablym-

prove retrieval performanceThis hasbeenreported
for otherlanguagestoo, dependenon the general-
ity of the choserapproach(JappinenandNiemisi,

1988; Choueka,1990; Popwic and Willett, 1992;
Ekmekgoglu et al., 1995; Hedlund et al., 2001,
Pirkola, 2001). Whenit comesto a broaderscope
of morphologicalanalysis,ncluding derivation and
compositiongvenfor the Englishlanguageonly re-

stricted, domain-specifialgorithmsexist. This is

particularly true for the medicaldomain. From an
IR view, a lot of specializedresearchhasalready
beencarriedout for medicalapplicationswith em-
phasison the lexico-semanticaspectsof dederva-

tion anddecompositior(Pacaket al., 1980; Norton
and Pacak,1983; Wolff, 1984; Wingert, 1985; Du-

jols etal., 1991;Baudetal., 1998).

While one may amue that single-word com-
poundsare quite rarein English (which is not the
casein the medicaldomaineither),this is certainly
not true for Germanand other basically aggluti-
natve languagesknown for excessve single-word
nominalcompoundingThis problembecomesven
more pressingfor technicalsublanguagessuchas
medical German(e.g., ‘Blutddrudkdmessgerat’
translateso ‘devicefor measuringbloodpressue’).
The problemonefacesfrom an IR point of view is
thatbesidegairly standardizedominalcompounds,
whichalreadyform aregularpartof thesublanguage
proper a myriad of ad hoc compoundsare formed
onthefly which cannotbe anticipatedvhenformu-
lating a retrieval querythoughthey appeairin rele-
vantdocumentsHence gnumeratingnorphological
variantsin a semi-automaticallygeneratedexicon,
suchas proposedior French(Zweigenbaunet al.,
2001),turnsoutto beinfeasible atleastfor German
andrelatedianguages.
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Furthermore,medical terminology is character
ized by atypical mix of Latin andGreekrootswith
the correspondindnostlanguagde.g.,German) of-
ten referredto as neo-classicacompoundingMc-
Cray et al., 1988). While this is simply irrelevant
for general-purposenorphologicalanalyzersdeal-
ing with suchphenomenas crucialfor ary attempt
to copeadequatelwith medicalfree-texts in anIR
setting(Wolff, 1984).

We here proposean approachto documentre-
trieval which is basedon the idea of segment-
ing query and documenttermsinto basic subword
units. Hencethisapproacttombinegproceduregor
deflection, dedenvation and decomposition. Sub-
words cannotbe equatedwith linguistically signif-
icant morphemesjn general,sincetheir granular
ity may be coarserthanthat of morphemegcf. our
discussiorin Section2). We validateour claimsin
Sectiord on a substantiabiomedicaldocumentol-
lection(cf. Section3).

2 Morphological Analysisfor 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
entitiesand definedasthe smallestcontent-bearing
(stem or grammaticallyrelevant units (affixessuch
asprefixes,infixesandsufixes). As anIR alterna-
tive, we here proposesubwods (and grammatical
affixes)asthe smallestunits of morphologicalanal-
ysis. Subwordsdiffer from morphemenly, if the
meaningof a combinationof linguistically signifi-
cantmorphemess (almost)equalto thatof another
nondecomposablemedical synorym. In this way,
subwords presere a sublanguage-spi#ic compos-
ite meaningthatwould getlost, if they weresplitup
into their constituenmorphemeparts.

Hence we tradelinguistic atomicityagainsimed-
ical plausibility and claim that the latter is ben-
eficial for boosting the systems$ retrieval perfor
mance. For instance,a medically justified mini-
mal segmentationof ‘diaphysis’ into ‘diaphyspis’
will bepreferredover alinguistically motivatedone
(‘dia®physpis’), becausehe first can be mapped
to the quasi-synoym stem‘shaft’. Sucha mapping

would not be possiblewith the overly unspecific
morphemesdia’ and ‘phys’, which occurin nu-
merousother contts aswell (e.g.dia®gnospbis’,

‘physpiodlogy’). Hence,a decreasef the preci-
sion of the retrieval systemwould be highly likely

due to overseggmentationof semanticallyopaque
compounds. Accordingly we distinguishthe fol-

lowing decompositiorclasses:

Subwodslike {‘gastr’, ‘hepat’, ‘nier’, ‘leuk’, ‘di-
aphys; ...} arethe primary contentcarriersin a
word. They canbe prefixed, linked by infixes,and
suffixed. As a particularity of the Germanmedical
languagepropernamesnay appearaspartof com-
plex nouns(e.qg., ‘Parkinsorverdadit’ [‘suspicion
of Parkinsons diseasd) andarethereforeincluded
in this cateyory.

Shortwords with four charactersor less, like
{"ion’, ‘gene’ ‘ovum’}, areclassifiedseparatelyap-
plying strictergrammaticalrules (e.g., they cannot
becomposedtall). Theirstemge.g.,'gen’ or ‘ov’)
are not includedin the dictionaryin orderto pre-
ventfalseambiguities.The price onehasto 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’l], ‘diabet.
[for ‘diabetical]) are nondecomposablentitiesin
morphologicatermsanddo notundego ary further
morphologicalariation,e.g.,by sufixing.

Prefixeslike {‘a-’, ‘de-’, ‘in-, ‘ent-’, ‘ver-,
‘anti-’, ...} precedeasubword.

Infixes (e.g., ‘-0-" in “gastr@odintestinal”, or
‘-s-" in ‘Sektiorpspbericht’ [‘autopsyreport’]) are
usedasa (phonologicallymotivated)‘'glue’ between
morphemestypically asalink betweersubwords.

Derivationalsufixes such as {‘-io-’, ‘-ion-,
‘-ie-’, -ung-’, ‘-itis-’, ‘-tomie-’, ...} usuallyfollow
asubword.

Inflectionalsufixeslike {‘-e’, ‘-en’, ‘-s’, ‘-idis’,
‘-ae’, ‘-oris’, ...} appearatthe very endof a com-
positeword form following the subwordsor derva-
tional suffixes.

Prior to segmentationa language-specifiortho-
graphicnormalizationstepis performed. It maps
Germanumlauts‘d’, ‘¢’, and‘l’ to ‘ae’, ‘oe’, and
‘ue’, respecitrely, translatesca’ to ‘ka’, etc. The
morphologicalsegmentationprocedurefor German




in January2002incorporatesa subwod dictionary
composedof 4,648 subwords, 344 proper names,
and an affix list composedof 117 prefixes, 8 in-
fixesand120 (derivationalandinflectional)sufixes,
makingup 5,237entriesin total. 186 stopwordsare
not usedfor segmentation.In termsof domaincov-
eragethe subword dictionary is adaptedo the ter-
minology of clinical medicine,including scientific
terms, clinicians’ jargon and popular expressions.
The subword dictionary is still in an experimental
stageand needson-going maintenance. Subword
entriesthat are consideredstrict synoryms are as-
signeda sharedidentifier This thesaurus-stylex-
tensionis particularly directedat foreign-language
(mostly Greekor Latin) translatesof sourcelan-
guageerms,e.g.,Germartnier’ EQ Latin‘ren’ (EQ
English’kidney’), aswell asat stemvariants.
Themorphologicaknalyzelimplementsasimple
word modelusingregularexpressionsindprocesses
input strings following the principle of ‘longest
match’(bothfrom theleft andfrom theright). It per
forms backtrackingwheneer recognitionremains
incomplete. If a completerecognitioncannotbe
achieved, theincompletesegmentatiorresults,nev-
erthelessare consideredor indexing. In casethe
recognition procedureyields alternatve complete
sggmentationgor aninputword, they arerankedac-
cordingto preferencecriteria, suchasthe minimal
numberof stemsperword, minimal numberof con-
secutve affixes,andrelative semantioveight?

3 Experimental Setting

As documentcollection for our experimentswe
chosethe CD-ROM edition of MSD, a German-
language handbook 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-relateccontents
bothfor medicalprofessional@ndthe generalpub-
lic we collectedtwo setsof userqueriesyiz. expert
gueriesandlaymanqueries.

2A semanticweight w=2 is assignedo all subvords and
somesemanticallymportantsufiixes,suchas'-tomie’ [*-tomy’]

or ‘-itis’ ; w=1is assignedo prefixesandderivational sufixes;
w=0 holdsfor inflectionalsuffixesandinfixes.

Expert Queries. A large collection of multi-
ple choice questionsfrom the nationally standard-
ized year5 examinationquestionnairdor medical
studentsin Germary constitutedthe basisof this
query set. Out of a total of 580 questionswe se-
lected210onesexplicitly addressinglinical issues
(in conformancewith the rangeof topics covered
by MSD). We thenasled 63 studentgbetweenthe
3rd and5th studyyear)from our university’s Med-
ical Schoolduring regular classroomhoursto for-
mulate free-form naturallanguagequeriesin order
to retrieve documentghatwould helpin answering
thesequestions,assumingan ideal searchengine.
Acronyms and abbreiations were allowed, but the
length of eachquerywasrestrictedto a maximum
of tenterms. Eachstudentwasassignedentopics
at random,so we endedup with 630 queriesfrom
which 25 wererandomlychoserfor furtherconsid-
eration(the setcontainecho duplicatequeries).

Layman Queries. The operatorsof a German-
languagemedical searchengine (ht t p: / / vwwv.
dr - ant oni us. de/ ) provided us with a set of
38,600loggedqueries. A randomsample(n=400)
wasclassifiedby amedicalexpertwhetherthey con-
tained medical jargon or the wording of laymen.
Only thosequerieswhich wereunivocally classified
aslaymanqueries(throughthe useof non-technical
terminology) endedup in a subsetof 125 queries
from which 27 wererandomlychoserfor our study

Thejudgmentdor identifyingrelevantdocuments
in the whole test collection (5,517 documentsor
eachof the 25 expertand 27 laymanquerieswere
carriedout by threemedicalexperts(noneof them
was involved in the systemdevelopment). Given
sucha time-consumingask, we investigatedonly
a smallnumberof userqueriesin our experiments.
This also elucidateswhy we did not addressnter
raterreliability. Thequeriesandtherelevancejudg-
mentswere hiddenfrom the developersof the sub-
word dictionary

For unbiasedvaluationof our approachwe used
a home-gravn searchengine (implementedin the
PYTHON script language). It crawls texttHTML
files, producesan invertedfile index, and assigns
salienceweightsto termsand documentsasedon
a simple tf-idf metric. The retrieval processrelies
on the vector spacemodel (Salton,1989), with the
cosinemeasurexpressingthe similarity betweena



gueryanda document.The searchengineproduces
aranked outputof documents.

We alsoincorporateproximity data,sincethis in-
formationbecomegarticularlyimportantin theseg-
mentationof complex word forms. So a distinc-
tion mustbe madebetweena documentcontaining
‘appendbectomy’ and ‘thyroideitis’ and another
onecontaining'appendpicitis’ and‘thyroid® ec-
tomy’. Our proximity criterion assignsa higher
rankingto adjacentindalower oneto distantsearch
terms. This is achieed by an adjacencyoffset
04, Which is addedto the cosinemeasureof each
document. For a query @ consistingof n terms,
Q = t1,ts,...,t,, the minimal distancebetweena
pair of termsin adocument(t;, ¢;), is referredto by
dy; ;. Theoffsetis thencalculatedasfollows:

1)

We distinguishedour differentconditionsfor the
retrieval experimentsyiz. plaintokenmatch trigram
match,plain subword match,andsubword matchin-
corporatingsynorym expansion:

Plain Token Match (WS). A direct match be-
tweentext tokensin adocumentndthosein aquery
istried. No normalizingtermprocessingstemming,
etc.) is done prior to indexing or evaluating the
query Thesearchwasrun onanindex coveringthe
entire documentcollection (182,306index terms).
This scenaricsenesasthe baselinefor determining
the benefitsof our approact?.

Trigram Match (TG). As analternatve lexicon-
free indexing approach(which is morerohust rela-
tive to misspellingsand sufiix variations)we con-
sideredeachdocumentand eachqueryindexed by
all of their substringswith charactetength'3’.

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

3This is a reasonablebaseline,since up to now thereis
nogeneral-purposéyroad-ceeragemorphologicahnalyzerfor
Qermana/ailable,which forms part of a standarcretrieval en-

ne.
° “The datafor the English version, 50,934text typeswith

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

The following add-onswere suppliedfor further
parametrizingheretrieval process:

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

Adjacency Boost (A). Informationaboutthe po-
sition of eachindex term in the document(see
above) is madeavailablefor the searchprocess.

Tablel summarizeshedifferenttestscenarios.

Nameof | Index Orthographic | Adjaceny
Test Madeof Normalization Boost
WS Words - -
WSA Words - +
WSO Words + -
WSAO Words + +

TG Trigrams - -

SU Subwords + +

SY Synorym + +

Classlds

Tablel: DifferentTestScenarios

4 Experimental Results

The assessmertf the experimentalresultsis based
on the aggre@ationof all 52 selectedquerieson the
one hand,and on a separateanalysisof expertvs.
laymanquerieson the otherhand.In particular we
calculatedthe averageinterpolatedprecisionvalues
at fixed recall levels (we chosea continuousincre-
mentof 10%) basedon the consideratiorof thetop
200 documentgetrieved. Additionally, we provide
theaverageof theprecisionvaluesatall elevenfixed
recalllevels(11ptrecall),andtheaverageof thepre-
cision valuesat the recall levels of 20%, 50%, and
80% (3ptrecall).

We herediscussthe resultsfrom the analysisof
the completequerysetthe dataof whichis givenin
Table 2 and visualizedin Figure 1. For our base-
line (W9, thedirectmatchbetweerguerytermsand
documenterms,precisionis alreadypooratlow re-
call points(R < 30%), rangingin aninterval from
53.3%t0 31.9%. At high recall points(R > 70%),

24,539index entriesremainingafter ssgmentationjndicatesa
significantly lower reductionrate of 52%. The size of the En-
glishsubword dictionary(only 300entriesessthanthe German
one)doesnot explain the data. Ratherthis finding revealsthat
the Englishcorpushasfewer single-word compoundshanthe
Germanone.



[ Precision(%) |

Rec.|| WS | WSA | WSO | WS | TG | SU | SY
(%) AO

0 53.3| 56.1 | 53.3 | 60.0 | 54.8 | 740 | 73.2
10 || 466 | 50.7 | 46.1 | 55.8 | 45.4| 62.3| 61.0
20 374 401 | 37.0 | 421 | 321 | 523 | 51.7
30 319 332 | 315 | 345 26.3| 458 | 45.1
40 28.9| 304 | 28.0 | 30.3| 20.2| 39.2| 36.5
50 266 | 28,6 | 26.0 | 28.7| 159 | 356 | 32.7
60 245] 259 | 235 | 250 93 | 29.7| 281
70 191 199 | 179 | 18.7| 6.5 | 244 | 22.7
80 144| 152 | 130 | 140| 44 | 196 | 181
90 9.5 9.8 9.6 99 | 0.8 | 147 | 146
100 || 3.7 3.9 3.8 40 | 0.64 | 10.0 | 10.2
3pt || 26.1| 28.0 | 25,3 | 283 | 174 | 358 | 34.1
avr
1lpt|| 26.9| 285 | 26.3 | 29.4| 19.6 | 37.0 | 35.8
avr

Table2: Precision/Recallablefor All Queries

precisiondropsfrom 19.1%to 3.7%. Whenwe take

term proximity (adjaceng) into account{WSA, we

obsere a smallthoughstatisticallyinsignificantin-

creasan precisionatall recallpoints,1.6%on aver-

age. Orthographianormalizationonly (WSQ, how-

ever, caused,interestingly a maginal decreasef

precision,0.6% on average. When both parame-
ters, orthographicnormalizationand adjaceny, are
combinedWSAD), they produceanincreaseof pre-
cision at nine from eleven recall points, 2.5% on

averagecomparedwith WS None of thesediffer-

encesarestatisticallysignificantwhenthetwo-tailed
Wilcoxontestis appliedat all elevenrecalllevels.

Trigramindexing (TG) yields the poorestresults
of all methodologieseing tested. It is compara-
ble to WSat low recall levels (R < 30%), but at
high onesits precisiondecreaseslmost dramati-
cally. Unlessvery high ratesof misspellingsareto
be expected(this explainsthe favorableresultsfor
trigramindexing in (Franzetal., 2000))onecannot
really recommendhis method.

The subword approach(SU) clearly outperforms
the previously discussedapproaches We compare
it herewith WSO, thebest-performindexicon-free
method.Within this setting,thegainin precisionfor
SUrangedrom 6.5%to 14% (R < 30%), while for
highrecallvalues(R > 70%) it is still in therange
of 4.8%to 6%. Indexing by synorym classiden-
tifiers (SY) resultsin a maginal decreas®f overall
performanceomparedvith SU. To estimateghesta-
tistical significanceof the differencesSUvs. WSAO
andSYvs. WS4, we comparedralue pairsat each

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

fixedrecalllevel, usingthetwo-tailedWilcoxon test
(for a descriptionandits applicability for the inter-
pretationof precision/recalgraphscf. (Rijsbegen,
1979)). Statisticallysignificantresults(« < 5%) are
in bold facein Table2.

The datafor the comparisorbetweenexpertand
laymanqueriesis given in the Tables3 and 4, re-
spectvely, andthey arevisualizedin the Figures2
and3, respectrely. Theprimafacieobsenationthat
laymanrecalldatais higherthanthoseof the experts
is of little value,sincethe querieswereacquiredin
quite differentways (cf. Section3). The adjaceng
criterionfor word index search(WSA hasno influ-
enceon the laymanqueries,probablybecausehey
containfewer searchterms. This may also explain
thepoorperformancef trigramsearch A consider
ably highergainfor the subword indexing approach
(SV) is evident from the datafor laymanqueries.
Comparedvith WSO, theaveragegainin precision
amountgo 9.6%for laymanqueriesbut only 5.6%
for expert queries. The differenceis also obvious
whenwe comparethe statisticallysignificantdiffer-
ences(a < 5%) in both tables(bold face). This
is also compatiblewith the finding that the rate of
query result mismatchegcaseswherea query did
not yield ary documentas an answer)equalszero
for SU, but amountdo 8% and29.6%for expertand
laymenqueries,respectiely, runningunderthe to-
kenmatchparadigmwS*(cf. Tableb).

Whenwe comparethe resultsfor synorym class
indexing (SY’), we note a small, though statisti-
cally insignificantimprovementfor laymanqueries
at somerecall points. We attribute the differentre-



[ 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 || 458 | 53.2 | 446 | 59.8 | 48.7 | 60.3 | 60.3
20 39.3| 44.7 | 38.1 | 48.6 | 35.8| 50.8 | 50.3
30 322 348 | 31.0| 37.3| 306 | 465 | 45.7
40 26.3| 293 | 243 | 29.0| 216 | 37.3| 32.0
50 223 265 | 209 | 26.5| 19.7 | 34.2 | 283
60 19.2| 220 | 169 | 20.1| 10.9| 24.7| 20.3
70 11.8| 135 93 | 11.1| 7.7 | 19.9| 15.7
80 9.9 | 116 7.1 9.1 | 65 | 142 10.3
90 3.7 4.4 4.1 47 | 1.7 | 92 | 83
100 | 3.6 4.0 4.0 44 | 13| 83 | 7.6
3pt || 23.8| 27.6 | 22.1 | 28.1| 20.7| 33.1| 29.7
avr
1lpt|| 241 | 273 | 228 | 28.3| 21.9| 33.9| 31.2
avr

Table3: Precision/Recallablefor ExpertQueries

| I Precision(%) |

Rec.|| WS | WSA | WSO | WS | TG | SU | SY
(%) AO

O [ 558[ 554 56.1]591]532]803]810
10 || 47.3] 485 | 476 [ 52.2] 42.2] 64.0| 61.6
20 || 35.6| 35.8 | 359 | 36.2 | 28.6 | 53.6 | 52.9
30 || 31.7| 31.7 | 319 | 31.9| 22.2| 451 | 445
40 || 31.3| 31.3 | 314 | 31.4| 19.0| 410 | 40.7
50 [ 30.6] 30.6 | 30.7 | 30.7] 12.3] 36.8 | 36.8
60 [ 295 295 296 [ 296 7.8 | 344|353
70 || 25.8] 258 | 258 | 258 5.3 [ 285 29.2
80 || 185 | 185 | 185 | 185 | 25 | 246 | 25.3
90 || 14.8| 148 | 148 | 148 | 0.0 | 19.7]| 205
100 || 3.7 3.7 3.7 3.7 ] 0.0 | 115 ] 127
3pt [[28.2] 283 284 [ 285 144 383 384
avr
11pt| 295 29.6 | 296 | 30.4| 17.5] 40.0| 40.0
avr

Table4: Precision/Recallablefor LaymanQueries

sultspartly to thelower baselindor laymanqueries,
partly to the probablymoreaccentuatedocatulary
mismatchbetweenlayman queriesand documents
usingexpertterminology However, this difference
is belav the level we expected. In forthcomingre-
leasesf the subword dictionaryin which coverage,
stop word lists and synorym classeswill be aug-
mentedwe hopeto demonstratéhe addedvalue of
the subword approachmorecorvincingly.
Generalizingthe interpretationof our datain the
light of thesdfindings,we recognizea substantiain-
creaseof retrieval performancavhenqueryandtext
tokensare sgmentedaccordingto the principlesof
thesubword model. Thegainis still notoverwhelm-

ing.

Average Precision - Recall
25 Expert Queries; n = 200 top ranked documents
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Figure?2: Precision/RecalGraphfor ExpertQueries

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

With regard to orthographic normalization we
expecteda higher performancebenefit becauseof
thewell-known spellingproblemsfor Germammed-
ical terms of Latin or Greek origin (such as in
‘Zakum, ‘Cakum;, ‘Zaekum; ‘Caekum; ‘Zaecum,
‘Caecum). For our experimentshowever, we used
guiteahomogeneoudocumentollectionfollowing
the spelling standardsof medical publishers. The
samestandardsapparentlyapplied to the original
multiple choicequestionspy which the acquisition
of expertquerieswasguided(cf. Section3). In the
laymanqueriestherewereonly few Latin or Greek
terms,and,thereforethey did nottake advantageof
thespellingnormalization.However, theexperience
with medicaltext retrieval (especiallyon medicalre-
portswhichexhibit ahighrateof spellingvariations)
shaws that orthographicnormalizationis 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 enhancedetrieval quality. The proximity
(adjacency of searchtermsasa crucial parameter
for outputrankingproved useful,sowe useit asde-
faultfor subword andsynorym classindexing.
Whereaghe usefulnes®f Subwod Indexing be-
cameevident, we could not provide sufficient evi-
dencefor SynonynClassindexing, sofar. However,
synorym mappingis still incompletein the current
stateof our subword dictionary A questiorwe have
to dealwith in the future is an alternatve way to
evaluatethe comparatre valueof synorym classin-
dexing. We have reasonto believe that precision
cannotbe taken asthe sole measurdor the adwan-
tagesof a queryexpansionin casesvherethe sub-
word appmoad is alreadysuperior(for all layman
and expert queriesthis methodretrieved relevant
documentswhereasword-basedmethodsfailed in
29.6%o0f the laymanqueriesand 8% of the expert
queriescf. Figureb). It would beinterestingo eval-
uatetheretrieval effectivenesgin termsof precision
andrecall)of differentversionsof thesynonynclass
indexing approachn thosecasesvhereretrieval us-
ing word or subword indexesfails dueto acomplete
mismatchbetweengueryanddocuments.This will
becomeeven more interestingwhen mappingsof
our synorym identifiersto alarge medicalthesaurus
(MeSH,(NLM, 2001))areincorporatednto our sys-
tem. Alternatively, we may think of usercentered
comparatie studieg(Hershetal., 1995).

41 TheAltavista™ Experiment

Before we developedour own searchengine, we
usedthe AltaMista™ Seach Engine3.0(ht t p: / /

sol utions. al tavi st a. com asourtestbeda
widely distributed, easyto install off-the-shelfIR
system. For the conditionsWSA SU, and SY, we
give the comparatre resultsin Table6. The exper
imentswere run on an earlier version of the dic-
tionary — hence,the different results. AltaVsta™
yielded a superiorperformancefor all three major
test scenarioscomparedwith our home-gravn en-
gine. Thisis notatall surprisinggivenall thetuning

| I Precision(%) |
| I AltaVista I 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
20 454 | 614 | 549 || 44.7 | 50.7 | 48.3
30 349 | 554 | 51.6| 348 | 457 | 394
40 295 [ 514 46.7] 29.3 | 34.6| 32.9
50 27.8 | 49.7] 441 265 | 31.2| 29.4
60 26.2 | 40.7] 39.2| 22.0 | 22.2| 20.1
70 18.1 | 326 | 31.7| 13.5 | 189 165
80 152 | 26.3| 224 | 116 | 134 | 121
90 56 | 20.1| 114 4.4 79 | 83
100 54 | 16.3| 11.0 4.0 70 | 75
3pt 295 | 45.8| 405 27.6 | 32.8 | 29.9
avrg
11pt 285 [ 4441 40.0] 27.3 | 32.6| 30.7
avrg

Table6: Precision/Recallablefor ExpertQueriescomparing
the AltaVista™ with our ExperimentaSearchEngine

efforts thatwentinto AltaVista™ . The datareveals
clearly that commerciallyavailable searchengines
comply with our indexing approach. In an exper
imental setting, however, their useis hardly justi-
fiable becausdheir internal designremainshidden
and,therefore cannotbe modifiedunderexperimen-
tal conditions.

Thebenefitof thesubwordindexing methods ap-
parentlyhigherfor the commerciallR system. For
AltaMista™ the averageprecisiongain was 15.9%
for SUand11.5%for SY, whereasour simpletfidf-
driven searchenginegainedonly 5.3%for SU and
3.4%for SY. Giventhe imbalancedenefitfor both
systemgotherthings beingequal),it seemshighly
likely thatthe parametergeedingAltavsta™ profit
evenmorefrom thesubword approactihanour sim-
ple prototypesystem.

5 Conclusions

Therehasbeensomecontroversy atleastfor simple
stemmerg(Lovins, 1968; Porter 1980), aboutthe
effectivenessof morphologicalanalysisfor docu-
mentretrieval (Harman,1991;Krovetz, 1993;Hull,
1996). The key for quality improvementseemso
berootedmainlyin thepresencer absencef some
form of dictionary Empirical evidence has been
broughtforwardthatinflectionaland/orderivational
stemmersaugmentedby dictionariesindeed per
form substantiallybetterthan thosewithout access



to suchlexical repositoriegKrovetz, 1993; Kraaij
andPohlmann1996; Tzoukermannetal., 1997).

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

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

We evaluatedour hypothesison a large biomedi-
cal documentollection. Our experimentdent (par
tially statistically significant) supportto the sub-
word hypothesis. The gain of subword indexing
wasslightly moreaccentuateavith laymanqueries,
probablydueto a highervocalulary mismatch.
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