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ABSTRACT

An important problem for the information retrieval
from spokendocumentds how to extract thoserel-
evant documentswhich are poorly decodedby the
speechiecognizerin this papemwe proposestochastic
index for thedocumentdasednthe LatentSemantic
Analysis (LSA) of the decodeddocumentcontents.
The original LSA approachusesSingularValue De-
compositionto reducethe dimensionalityof thedocu-
ments.As an alternatve, we proposea computation-
ally more feasible solution using RandomMapping
(RM) and Self-OganizingMaps (SOM). The motiv-
ation for clusteringthe documentsdy SOM is to re-
ducetheeffectof recognitionerrorsandto extractnew
characteristitndex terms.Experimentalndexing res-
ults are presentedising relevancejudgmentsfor the
retrieval resultsof testqueriesandusinga document
perpleity definedin this paperto measurehe power
of theindex models.

1. INTRODUCTION

In this paperwe presenimethoddor indexing speech
datawhich has beenautomaticallytranscribedby a
speechrecognizer The goal is to be able to retrieve
therelevantspeechsectiongustby providing anatural
languagequery For indexing the differencebetween
the automaticallygeneratedpeechranscriptionsand
corventionaltext sourcess that the word error rate
(WER)in thetranscriptioncanbe quitehighandvary
considerabldependingn speakerandacousticcon-
ditions. Thus,animportantproblemin informationre-
trieval from spokendocumentss how to extractthose
relevant documentswhich are poorly decodedby the
speechrecognizer

A typical applicationof spokendataindexing is
building a retrieval databasérom broadcastews re-
cordings[1]. The first stepis normally to separate
therecognizablespeecHrom musicandothersounds
that might exist betweendifferent sectionsor inside
them.Althoughmostof the news-readerspeakrather
clearly the recognitionof the extracted speechsec-
tions remainsstill a difficult task. The vocalulary is
verylarge,andincludesmary namedrom foreignlan-
guages.Since peoplealreadyuse the best available
state-of-artlarge-vocalulary speechrecognizersde-
creasingthe word error rate significantly to obtaina

betterindex is very hard. The useof domainspecific
and adaptve languagemodels(LM) might become
helpful, becausehe amountof available up-to-date
news datais increasingapidly. The successfuindex-

ing of the decodeddocumentgequiresthatthe most
importantwordscharacterizingachsectioncanbeex-

tracted.Sincethereis generallyno otherinformation
besidesthe recordingitself, the index terms should
both be recognizedcorrectly and separatedrom the
lessimportantwords.

Artificial Neural Networks(ANNSs) areoftenused,
if thereis large collection of dataavailable, but no
exact parametricfunction is known for the models.
ANNSs playanactierolebothin thestate-of-arspeech
recognitionandtext retrieval. For speeclrecognition,
the bestsystemsuse either mixture Gaussiarhidden
Markov models(HMMs) or hybrid HMM/ANN ' sys-
tems[13, 5]. In hybrid systemsANNs can, for ex-
ample,computeposterioprobabilitiesfor HMMs. For
text data collections ANNs have been successfully
usedto orderthe databasedonits semanticstructures
andto illustrateclustersusinga low-dimensionatis-

play[9].

Latent SemanticAnalysis(LSA) [7] is usedfor
modelingtext databasedn semanticstructuresound
by analyzingthe co-occurencematrix of words and
documents.The modelsproject the datainto lower
dimensionakubspaceby finding the mostimportant
structureandremorving noise LSA is oftenassociated
with Principle ComponentAnalysis (PCA) or Singu-
lar Value Decompositior(SVD) by whichthe LSA is
normally generatedin documenindexing LSA is ap-
pliedto find outthe essentiaindex termsto which the
documentshouldberelated.

This paperis describesa novel way to compute
a LSA basedndex for spokendocumentsvhich can
be appliedeven for large datacollections.The paper
describesalsothe FrenchASR systemthat hasbeen
usedto decodethe documentdor indexing purposes.
A quantitatvtemeasurédasedn perpl«ity is alsopro-
posed.At the end we give somepreliminary results
togetherwith analysisand discussiorfor furtherim-
provements.



2. LSA, PROBLEMSAND NEW APPROACHES

LSA has traditionally been basedon the idea that
datais efficiently compresselly extractingorthogonal
componentslirectedsothateachnew componenimin-
imizes the projectionerror remainingfrom previous
componentsFor indexing, the documentcollections
are usually presentedas a matrix A whereeachrow
corresponds onedocumentindeachcolumntheex-
istenceof a certainword. This representatiotooses
theinformationof theword positionsin thedocument,
but it is mainly intendedto answerto the indexation
guestion,.e. in which documentghe certainword is
used.

The word-documentco-occurencematrix is de-
composedd = UUSVT by SVD to find out the sin-
gular valuesand vectors.By choosingthe n largest
singular valuesfrom S we obtain a reducedspace
A, = U,S, VI [7]. In this n-dimensionalubspace
theword w; is codedasz; = u;S, /||u:i S, || by using
thenormalizedrow i of matrixU,, S,,. We canthenget
smoothedrepresentationby clusteringthe words or
the documentaisingthe semantiadissimilarity meas-
ured(w;, w;) = xzx]T [3].

With very large documentcollectionslike broad-
castnews recordedover a long time the dimensional-
ity of matrix A becomesoo largeto handle However,
the matrix is sparsepecauseonly a small subsetof
the very large vocahulary is actuallyusedin onedoc-
ument,and so it can be representeds a list of just
the non-zeroelementsThereexist efficient methods
to computethe SVD for sparsematricessuchasthe
Single Vector Lanczositeration [4]. However, tradi-
tional LSA becomestill very difficult dueto its com-
putationalcompleity. The dimensioncanbe quickly
reducedy filtering outwordsthatarenotsupposedo
beimportantfor LSA, like very commonor very rare
words.Vocalularyreductiorwill inevitably reducen-
dexing accurag, sinceit is not obviousto judgethe
importanceof the words,without analyzingthe docu-
ments— somerarewordscanbe very goodto charac-
terize a certaindocumentFor practicalpurposeghe
index shouldalsobe easyto adaptfor new data.

Becausedhe co-occurrencenatrix is sparsethere
exist also some easyways to representt in lower
dimensionslnsteadof the true eigevectorswe can
quickly generaterandom and approximatelyortho-
gonalvectorsfor thewordsandpresenthedocuments
as an averagevector for words it contains.In fact,
by just using100— 200 dimensionafandomvectors,
we cangetquite agoodapproximatiorwith consider
ably lowercomputationatompleity [8]. Themethod
is calledRandomMapping (RM) [11]. By usingthis
approximationit becomedeasibleto usea very large
vocahularywithoutdroppingary wordsandalsoto ex-
pandthe matrix later by addingnev documentsand
words.

In practice asecondmportantproblem especially

with spokendocuments,s that the documentsare

short and important words quite rare. To still get
meaningful distributions of the index words in the
modelsacarefulsmoothings needed3]. Thisisgen-
erally doneby clusteringsimilar documentdogether
andusingthe averagedocument/ectorof eachcluster
to representhe clustermembersThe clustervectors
will also generatea smoothedrepresentatiorof the
documentssince they integrate the contentof sev-

eralsemanticallyclosedocumentinto onemodel.The
clusterscan be interpretedas automaticallyselected
topicsbasednthe givendocumentollection.

To avoid quantizationerror betweenthe docu-
ment and its nearestcluster we can selecta set of
nearestlusters(or even all the clusters)to compute
the smoothedmapping. For example, we can con-
sidertheirweightedaveragebasedn distancesothat
nearbyclusterswill havethestrongeseffect. Thisgen-
eralizationmatcheswell the broadcashews example,
sinceonesectioncanberelevantto severaltopics.
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Figurel: An exampleof visualizinga documentol-
lection. Eachcell correspondgo one cluster(node)
in the SOM grid. The lighter is the color of the cell,
the shorteris the distanceto the selectedtest docu-
ment.Thevectorsof neighboringcellsareusuallyalso
neareachotherin theoriginal high-dimensionalector
spaceThenumbersnsideacell aretheids of someof
thedocumentglosesto thatcell. For visualizationof
the clustercontentswe canalsolabelthe clustershy
thebestmatchingindex words.



For automaticallydecodeddocumentswe must
somehw take into accountthat documentsare not
completelydescribedy thedecodedvords.Somerel-
evantwords are lost or substitutedoy fully irrelevant
ones.Clusteringhasthe advantageof mappingthede-
codeddocumentsbasedon their whole contentand
in that way minimizing the effect of incorrectindi-
vidual terms.In classicalclusteringmethodssuchas
K-meanseachclustervectoris the averageof vectors
only in thatparticularcluster This adaptghe clusters
well to the fine structureof the data, but can make
the smoothingsometimesnefficient. The moretrain-
ing vectorsaffect to eachcluster the smootheiis the
representatiorand the more will the clustersreflect
the major structuresof the data.If we do the cluster
ing by a SOM eachtrainingvectoraffectsall clusters
aroundthe bestone at the sametime, which makes
it also easierto train large clustersets.As learning
proceedsn a SOM the densityof the clustervectors
will eventuallyreflectthe densityof the training vec-
tor space.This will provide strongestsmoothingon
sparsef areasandhighestaccurag ondenseareaslf
wetrainthe SOM asatwo-dimensionagyrid, theauto-
maticorderingwill provideavisualizatiorof thestruc-
turesin the data(seeFigurel). If the displayis suit-
ablylabeledwe canseethedominantlustersanddir-
ectionsandgetimmediatelya conceptionof the area
wherea choserdocuments situated9].

3. EVALUATION OF INDEXING AND
RETRIEVAL METHODS

The correctevaluationof a spokendocumentndex is
adifficult taskitself. To find out, for example whether
anew documentodingvariationimprovesthe index,
we needo codethevectorsdotheclusteringandthen
createthe new index. And to evaluatethe index we
mustmaketestqueriesandrankthe answersandstill
thereis no directway to comparethe obtaineddocu-
mentrankinglists. In the TREC evaluationorganized
by NIST alot of work hasbeendoneto usehumanex-
pertsto preparea setof testqueriesandselecttherel-
evant documentgrom a collectionof broadcashews
sectionsrespectie to eachquery[10].

The relevanceof the retrieved documentsanbe
comparedby two relative measuresThe recall is the
proportionof the relevant documentswhich are ob-
tained,andthe precisionis the proportionof the ob-
tained documentswhich are relevant. A meaningful
comparisorfor rankedretrieval listsis finally to check
the precisionat differentlevels of recallor, asin this
papey by computingthe aveiage precision(AP) over
all relevantdocumentsin additionto AP, we usean-
otherrelatedmeasurevhichis theaveiageR-precision
(RP)definedby the precisionof thetop R documents,
whereR is thetotal numberof therelevantdocuments.

If therewere a direct and fully automaticway,
evenvery approximatve,to do quantitatve comparis-

onsbetweerindexes,it would certainlybevery useful
asit would allow us to testthe methodsquickly for

differentnew databasedn this work we have useda
new conceptcalledthe aveiage documentperpleity

to give anumericalmeasuref how well anindex de-
scribesadocumenset.We will presentheseperple-

ities for differentLSA variationsin two databases:or

the otherdatabaseve have therecall-precisiorvalues
aswell, becausehis wasusedin latestTREC evalu-
ation[10].

Theideaof perpl«ity hasbeenusedin speechre-
cognitionfor along time to quantify the relative diffi-
culty of a recognitiontask. Oneinterpretationof this
measurecould be that the higher the perpleity, the
larger is eachtime the set of words from which we
have to selectthe correctone.The lower the perplex-
ity is, thesmalleris thevocalulary andthe strongemare
theLM constraintgestrictingthe possibleword com-
binations.So perpl«ity is a measureof the strength
or predictivepower of the LMs andit is alsowidely
usedto compard_Ms whenit is too expensve to com-
puteevery time the actualWER for whole speectre-
cognition system[6]. The perpleity for the words
wn, ..., wy in the testsetcan be definedas PP =
exp(— Y0, In Pr(w;|LM) /T).

For documenmodelswe definethe perpleity us-
ing thevectorspacerepresentationf wordsanddoc-
umentsso that insteadof Pr(w;|LM)s we have the
probabilitiesgivenby the LSA modelfor thetestdoc-
ument.The LSA probabilitiesarecomputedusingthe
normalizedmatchesdetweenthe vectorsof theindex
terms(wordsor stems)andthe vectorof the testdoc-
ument(or its smoothedversion).A high word match
meansthatthe word is very likely to exist in the test
documentandthemoreunlikely wordstherearein the
testdocumentthehigherthe perpleity. Thusahigher
averagedocumenperpleity meansalsothatthemod-
elshave lesspredictive powerfor thetesteddocuments
andthe index might be worse.However, perpleity is
by no meansa substitutefor the actualretrieval test
and,asit is well known from speectrecognitionex-
periments gven significantimprovementsin perple-
ity do not necessarilymply improvementsin the ac-
tual WER.

4. EXPERIMENTS

4.1. Thesystem for indexing French news

A hybrid HMM/MLP recognitionsystensimilarto the
baselineof [2] wasusedto decodea databaséBREF)
of 7.5 hoursof Frenchnews. The news are selected
extractsfrom the FrenchnewspaperLe Monde,and
readby speakersselectedrom a setof 80-speakers.
For this SI-LVCSRtaskwe obtained29 % WER. The
maindifferencebetweerthis databasendtrue broad-
castnewsis thattherecordingsaremadein controlled
conditionswith alow noiselevel.



The featuresusedin speechrecognitionare 12
RASTA-PLP coeficientswith their A valuesand A
enegy andAA enegy. A new featurevectoris com-
putedevery 10 ms usinga 30 ms window. For each
framethe featurevectorsof 9 framesacousticcontext
arefedto aMLP (234inputs,1000hiddenunitsand36
outputscorrespondingo phonemeclasses)The MLP
wastrainedassuggesteth [2]. TheHMMs aretiedto
the MLP outputsusing durationmodelingby cloned
statesTheassociationbetweermphonemesindwords
arespecifiedin a large pronunciationdictionarywith
alsomultiple pronunciationgor somewords.

News texts from the samenewvspaperaswasused
for the speechdata,but on subsequentnonths,were
usedo computehetrigramLMs. TheLMs, theHMMs
andthe pronunciationdictionary areall integratedto
decodehebest-matchingentencéypothesifor each
sequencef MLP outputscorrespondingo a section
of speechlin this work we usedfor indexing only the
decodingby the best-matchindhypothesisin fact, it
would probablybe very usefulto passmoreinforma-
tion from thespeechecognizerlike n-besthypothesis
andassignanindexing weightfor eachword by mak-
ing useof confidencemeasure the differenthypo-
thesis.

The indexing was done by creatingan inverted
file first usingonly the index wordscorrespondindo
decodedwords (asin [1]), but then addingalso the
bestmatchingindex wordsaccordingo theLSA. The
numberof wordstakenfrom the LSA list wasdeterm-
ined by assumind_SA scoreswere normally distrib-
utedandselectingall the bestscoresabove the 99 %
significancdevel. Theindexing wasmadestochastic-
ally so that the index words were weightedby the
the LSA scoresscaledto within [0,1]. Thefirst index
wordsselecteddirectly from the actualdecodinggot
theweight1.0.

The documentsvere codedby taking a weighted
averageof the vectorsof their words (excluding stop
words, i.e. somevery commonwords that have no
valuefor indexing). Thewordvectorsvere200-dimen-
sionalnormalizedrandomvectorsasexplainedin sec-
tion 2. For word weightswe did notusethefrequeng
in the currentdocumentput took the generalweights
reflectingtheimportanceof a word to thewhole doc-
umentcollection.Importancecanbe definedusingthe
mutualinformation or its simplerapproximationthe
inversedocumentfrequency{12]. We took the latter
approach.The sameword weighting was appliedas
well for weightingthe scoresof the index terms.In-
steadof actuallyusingwordsasindex termsor to build
the documenterms,we usedthe word stemsi.e. the
wordsaremappednto their root form by suppressing
suffixeslike in [10].

After the LSA index is made,it canbe usedsimil-
arly asthedefaultTHISL index [10]. Queriesarepro-
cessedy eliminating stopwordsand mappingother
wordsinto their stems.To find the bestmatchesthe

documentarescoredbasednthenumberof matches
betweenthe querytermsandthe documentusingthe
index. The scoresare normalizedusing weightsfor
documentengthandthetermfrequeng in the collec-
tion [12]. The highestrankedsectionsare listed with
scoresandpointersto theaudiorecordings.

4.2. Testson the TREC test material

Index AP RP | PP | PPtest
RM 0.33|0.34| 2.6 (2.7)
RMSOMO 0.33| 0.35| 2.2
RMSOM 0.34| 0.36| 2.1

SVD 0.35|0.34| 1.7 (1.8)
SVDSOMO 0.37|0.34| 1.8
SVDSOM 0.38| 0.34| 1.8

THISL default| 0.37 | 0.37

“perfect” 0.43| 0.41

Tablel: Somerecall-precisiortomparisongAP is the
averageprecisionandRPtheR-precisionpetweerthe
LSA versionsandwith thebaseling THISL [10]) sys-
temfor TRECdata.The averagedocumenperplity

(PP)is providedfor the LSA versions.The “PP test”
is asimulationof independentestdatamadefor each
testdocumenby ignoringthe contribution of thedoc-
umentitself for LSA. Theresultsherearefor the S1-
decodingg36 % WER).

Index AP | RP | PP | PPtest
RM 0.23| 0.25| 2.7 2.7)
RMSOMO 0.25| 0.25| 2.2
RMSOM 0.25|0.25] 2.1

SVD 0.24]| 0.23] 1.6 (1.8)
SVDSOMO 0.26| 0.27 | 1.7
SVDSOM 0.25| 0.26 | 1.7

THISL default| 0.29 | 0.29

“perfect” 0.43| 0.41

Table2: ThesameasTablel, but usinga 49 % WER
speeclrecognizel(B2).

Sincetherelevancejudgmentsvereonly available
for the TREC databas€ AmericanEnglish broadcast
news), we selectedthat databasdor quantitatve and
gualitative comparison®f our LSA indexing results.
Theindexing testsweremadeby usinga similarindex
asin 4.1.,but for the decodingwe usedtwo different
speecltrecognizersvith differentWER levels. We se-
lectedthe 36 % averageWER one (S1) provided by
Shefield University[10] andthe 49 % WER one(B2)
providedby NIST.

In Tablesl and2 RM is a 200-dimensionatan-
dommapping;SVD mappingusedl25mostimportant
singularvalues(andvectors);SOM clusteringhas260
unitsandSOMOis SOM trainedwith 0-neighborhood



“perfect” | S1decoding| B2 decoding

decoding| def. | LSA | def. | LSA
ranked 841 | 893 | 1883 | 925 | 1425
recall 0.92] 091| 0.96| 0.89| 0.90
P10 0.65| 0.62| 0.65| 0.51| 0.49
AP 0.43| 0.37| 0.38| 0.29| 0.26
RP 0.41|0.37| 0.34| 0.29| 0.27

Table3: Somefinerdetailsfor thecomparisometween
the referencesystemsand the bestLSA systemfor

Tablesl and2. “ranked” = averagenumberof docu-
mentsrankedper query “recall” = total recall,“P.10”"

= precisionat recall level 0.10. The total numberof

documentsén thecollectionis 2864.

(to equalanadaptve versionof theclassicaK-means
clustering)ln theclusterednappinggRMSOM, SVD-
SOM)thesmoothednodelis madeusingtheweighted
averageof 10 best-matchinglusters(as explainedin
section2). For thenon-clustereanethodgRM, SVD)
we madethesmoothednodelfrom theweightedaver-
ageof 20 best-matchingctualdocumenwvectors.

In the “perfect” decodingwe have madetheindex
usingthecorrecttranscriptionj.e. with no (automatic)
speectrecognitionerrors. The THISL default[10] is
with the defaultparameterandwithoutthe queryex-
pansion.In the query expansionnot only the index
termsrelatedto the queryare checkedput alsoterms
that are commonlyassociatedvith queryterms.The
commonassociationgan be formed usingary large
text databaseelatedto the subjectsof the indexed
databaseThequeryexpansiorhasbeenshavn [10] to
improve the recall-precisiorvaluesof the THISL de-
fault andit would probablydo thatfor the LSA index
aswell.

4.3. Testson material with no decoding errors

To seehow thedifferentLSA method$ehae onother
data,we madesomeindexesfor the Frenchnevspaper
data.This exampleis ratherdifferentfrom the previ-
ous one, so we cant makeary generalconclusions
just basedon thesetwo experiments Firstly, this ex-
perimentteststhe methodson (ASR-)errorfree data,
soit actuallyis atext retrieval testonly. Secondlyno
relevancegjudgmentswvereavailable,soonly thedocu-
mentperpleities couldbe computedTheseperpleit-
ies are a bit differentfrom the previous, aswell, be-
causethey were computedusing a separateequally
large documentcollection, so not the training data.
Thirdly, no stemmingwas madeandthe languagein
thedatais French And finally, heavier approximations
weretestedn the documentcoding,bothfor RM and
SVD. In RM we tested100-dimensionatandomvec-
torsandin SVD we usedagain125-dimensionalec-
tors,but reducedhe original vocatulary dimensiorby
droppingwordsthatappeareanly afew timesin the
collection.TheFigure2 shavstherelative perpleities
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Figure 2: The perpleities of 10 different LSA in-
dexing methodsTheupperpictureshavs perpleities
when 50 bestclustermodels(k = 50) are usedfor
thesmoothingandthelower picturewhenthematchis
approximatedy only the bestclustermodel(k = 1).
The explanationof the methodids:’'s’ = SVD, 'm’ =
SOM,’'0’ = 260clusters,O’ = 2000clustersand’k’
= SOMO.

for 10 differentLSA variations.

5. CONCLUSIONS

This paperdescribesa systemfor decodingspoken
documentsandindexing thembasedon the latentse-
manticanalysif thedocumentontentsA new com-
putationallysimpleapproachs suggestedor LSA in
large documentollections.To smooththe LSA mod-
els we apply clusteringwith SOMSs. This provides
anorganizedview over the contentsof the document
collection. Experimentsare made using Frenchand
Americannews andfor the latter we provide the rel-
evanceanalysisresultsof thetestqueries.To measure
the predictive power of the modelswe definea new
documenperplity measure.

From Table 1 we seethat the averageprecision
improvesby SVD andeven further whenwe smooth



themodelsby SOM. Theclosercomparisorin Table3
shaws, e.g.thatLSA retrievesmary moredocuments
thanthereferenceincludingalsoslightly moreof rel-
evant ones.By looking at the lowest standardrecall
level 0.10, which givesthe precisionof the highest
rankeddocuments|. SA seemsalsoto do quite well.
For higherrecalllevelsthe precisionof LSA dropbe-
low the default, becausehe costof the higher total
recall seemgo be a vastincreaseof irrelevantdocu-
ments.

Thedocumenperpl«ity for randommappecdioc-
umentgTablesl and2) decreaseasstrongersmooth-
ing is applied,but the AP and RP indicatorsdo not
shaw ary clearimprovementFor SVD codingthe AP
andRP indicatorsshav improvementfor smoothing,
but the perplity doesnt changemuch.In the other
test (Figure 2, upperpart) the perpleity increasesa
little whenstrongersmoothings applied(lessclusters
or wider clusteringkernelimply strongersmoothing).
Fromcomparisorof the upperandlower partswe see
thatthestrongerapproximatior(k = 1) increaseper
plexity morefor the non-clusterednappingsandbig-
gerclusteramountswhichis reasonablalsofrom the
modelaccurag pointof view. ThefactthatSVD cod-
ing is hereworsein perpleity thanRM is mostprob-
ably dueto thereducedvocahulary.

Fromcomputationapointof view therandonmap-
ping is betterthan SVD, sinceit is much fasterand
thereare no compl«ity problemsas the numberof
documentandwordsincreasesilt is also convenient
thatwe do not needto changethe old documentvec-
torsasthe databasés updatedTheclusteringof mod-
elsis favorable,sincetheindexing is fasterwith smal-
ler total numberof modelsandsmallernumberof se-
lectedbestmodels(k). The SOM algorithmbehaes
well for large documentcollections,becauset is not
affected by the vocahulary size and only almostlin-
earlyby thenumberof documents.

Theresultspresenteéh thispaperareonly prelim-
inary andmoreexperimentsarerequiredto getsound
conclusionsWe usedalmostonly someadhocor de-
fault valuesfor all the parametersontrollingthe doc-
umentcoding,clustering,smoothingandindexing, as
well asfor rankingthe retrieved documentsCareful
tuning of someor all the parametersanstill improve
theresultssignificantly

For furtherresearchve have left theintegrationof
acousticconfidencemeasuresaind n-besthypothesis
into the presentedstochasticindex, and testing the
more sophisticatedmportanceweightsfor the words
and index terms.For the Frenchdatabaseghe same
stemmingalgorithm as for English has so far been
used,but becausahe sufiixes are different, we will
probablyhave to implementa totally new algorithm.
Furtherdevelopmenbf therankingstratgiesmightbe
usefulfor LSA, sincewe getsignificantlymorematch-
ing documentsandtherearealsomoreusefulinform-
ationincludedin theindexing weights.Anotherinter-

estingaspectis the useof datavisualizationto help
understandhe structuresin the databaseandto use
suitablewordsin queries.
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