
特徴素の選択と集約によるDSAのためのデータ要約  
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情報検索において最も一般的なデータ表現である文書村用語頻度行列は，統計的には分割表  
と呼ばれるデータ表現の一種であるとみなせる．分割表において行および列間の関連度を評  

価するための基本的な統計分析法として双対尺度法（DSA）がある．本論文では，用語に対  

して分類階層があらかじめ与えられているものと仮定した上で，DSAを適用するための用  
語数削減の手法について検討する．具体的には，用語選択と用語集約と呼ぶ2つのデータ要  

約手法を考え，両者を比較するのための評価式を導出する．そして，分類階層上で意義され  
た各用語集合に村して選択と集約のいずれかを評価式から数値的に判断して適用するデータ  

要約手順を提案し，その有効性を実際の文書コーパスと専門用語辞書を用いて示す．  

AMethodfbrDimensionReductionfbrDualScalingAnalysis  
bySelectingandAggregatingFeatures  
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Doc11mentbytermftequencymatricesarethemost commondatarepresentationsinin－  

formationretrievalwhichcanbeviewed asspecialtypeofcontingencytable＄．Forthis  

typeofdata，dualscaEin9analysis（DSA）isknowntobeafundamentalstatisticalmethod  

toexploreunderlyingassociationstruCtureamOngrOWSandamongcolurrms．Izlthispa－  

per，Wefirstassumeaclassi丘cationhierarchyisglVenforterms，andthencalculatethe  

COmParativedatalossesfbrtworeductionschemes，termSelectionandtermaggregation，  

botharethemethodsfbrreducingthedimensionoftheoriginalmatrixforDSA．Wealso  

PrOPOSeaneWred11Ctionprocedurewherethederivedequationsareusedtodecidewhich  

SChemeshouldbeemployedforeachtermgrouponagivenhierarchy．Thee鮎ctivene＄SOf  

theproposedmethodisdemonstratedthroughexperimentsuslngaCtualtextcorpusand  

Standardterminologicaldictionaries．  

1 Introduction   

ガロcllme花王ゐyまeγm舟e押e71Cy mαfわceβOrJeエー  

icallables are the most common data repre－  

sentationsininfbrmation retrievalwhich can  

beviewed as specialtype of contingency tap  

bleswhoseceu（i，j）representsthenumberof  

OCCurrenCeSOftermjindocumenti．Forthis  

typeofdatarepresentations，duaEscalin9anaZ－  

ysis（DSA）［1】orcorrespondenceanaZysis［2〕is  
known to be afundamentalstatisticalmethod  

toexploretheunderlyingassociationstructure  

amongrowsandamongcolumns・Thoughthe  
usefullleSS Of DSA was demonstratedin vari－  

OuSinfbrmation retrievalapplicationsinclud－  

igautOmaticindexing［3］orconceptspace  
VISuali2iation【4］，thecomputa・tionalcostpro－  

hibits the method to be apphed to matrices  

WithtensofthollSandsofterms．Theproblem  

thus becomes how to reduce the dimension of 

the orlglnaldataatthe pre－PrOCeSSingstage，  

to make DSA ftasible．   

In manyinformationretrievalapplications，  

i七is a commOn praCtice to select significant  
termssimplybasedonthetota．1frequencythey  

appearin a whole document set，SOmetimes  

discarding top ranked ones since they most  

likelyappearinal1thedocumentsandthussta－  

tistica11y meanlngless．There・also exist some  
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Ass11me thefirst丘ve term＄（＄ay（cat，do9，  

rabbit，ti9er，bear））arecategorizedintooe  

group（αm五mα呵andtもerest（s叩（cαγ，かα亀几，  

ゐ那，βん五p，tγ≠Cた‡）to弧Otber（ve九icヱe5）・Ag－  

gregating these two grou・pS Ofterms reduce＄  

thedimensionofthematriⅩfromlOto2，gen－  

erating：  

Studiesintext－1earnlngfieldconcernlngthesep  

lectionofrepresentativeterms．Asispointed  

Outin the past studies［5】［6］，Selection pro－  

Cedures11Sedintext－1eaming aresimplecom－  
paredwiththeone＄developedforfbaturesub－  
Set Selectionin machinelearnlng Or Pattern  

recognition；lnmOStCaSeS，eaChtermsare丘rst  

evaluatedindependentlyuslngSOmeStatistical  

measuressuchasinformationgalnOrCrOSSen－  

tropy，andthen，aSPeCi丘ednumberofsubset  

withhighestrankingsareselected．Suchsim－  

Pleschemeenable＄tOmanipulatelargenumber  

Oftermsco11ectedfromtargettextcorpusand  

to reduce the matriⅩSizefor morecomputa－  
tiohal1yintensiveanalysissuchasDSA．   

The main purpose offbature subset selec－  

tionin text－1earn1ngis toreducethe n11mber  

OftermswhilemaintainlngaSSOCiationsamong  

documentsascloseaspossibletotheorlglnal  

OneS，ratherthantoimprovetheperformance  

Ofaspeci丘cdocumentclassi丘cationtask，aSis  

thecaseinmachinelearnlng．Inaddition，fba－  

ture subsetselectionintext－1earnlng has one  

interestingaspect；aClassificationhierarchyis  

glVenfbrfeatures，1．e．thesaurus constructed  

by humanis often avai1able．The existence  

Ofsuch cla＄＄ificationhierarchyimphesapos－  
sibility of reduction not only by eliminatjng 

non－Slgnificanttermsbutalsobysubstituting  

agroup ofterms withacorrespondingupper  

Classterm．Inthispaper，Werefbrtothefbr－  

mertypeofreductionschemeby termorfba－  

lure seleclionand thelater type byierm or  

♪αねre叩タγeタα如m．   

h order toillustrate the effect ofDSA and  

terma・ggregation，1etusconsiderdocumentby  

termmatrixglVenaSfo1lows：  

1433 …許，  981103 21146  714 4  
ズ1＝  

1 8  5 1 514772671   

Whereeachceurepresentsthetotal丘equency  
Of termsin the same group．On the other  

hand，Selecting the top two mostfrequent  

termsacrossdocumentsyields：  

，L，「00100 5630 020101T  
gl㍑甘  ズ2＝［ 

AIso，Selectingthe mostfrequent terms丘om  

eachgroupproduce＄：  

……1…5…げ   
‖－ し 

53   

1510 0 33518599」●   

Tablelshows the results ofUPGMA cl11S－  

tering［7】wherelOdoc一ユmentSareCategOri訳d  

into two gro11pSuSingthedistancecalcula．ted  

either丘omX，Xl，X20rX3eitherbefbreoraf・  

terdualscaling・Itcanbeseenthat（i）witho11t  
DSA，neither of the methods able toiden－  

ti＆expectedclusteringresult（dl，d2，d3，d4，d5）  

（d6，d7，d8，d9，dlO），and that（ii）with DSA，X  

andXIPrOducethesameexpectedresultwhile  

X2and X3Stiu do not．Based on this，We  

CanCOnCludethatDSAwithterma・ggregation  
WOrksmoresuccessfu11ythantermselectionin  

tbjs ca5e．   

Thoughtermaggregationseemstobeanat－  

uralchoiceto reduce thedimensionofterms，  

themathematicalmearungsofithasnotbeen  

SufRcientlyexaminedinthepast・Thi＄paPer  
aimsatprovidingmathematicallyjustifiedcri－  

teriatodecidewhichreductionschemes，term  

Selection or termaggregation，Shouldbe em－  

PloyedfbraglVentermgrOup．Forthispur－  

POSe，WeCalculatethecompa，rativedatalosses  

Ofthetworeductionschemes・Wealsopropose  
anewreductionprocedurethatcombinesthese  

two．  
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丘omX doesnot affbct DSA resultsfbrthe re－  
mainingcol11mnSSOfarasthesumofrows（xi．）  

andthetotalsum（xt）aremaintained．This  

PrOpertyOfDSA，Whichweutih2；elaterinour  

theoreticaldevelopment，iscal1edtheprmciple  

げe押云用geγもfpαγま盲如乃盲乃タ．   

2．2 ClassificationHierarchyofTerms  

Therepresentationofaiermclass所cationhi－  
erarThyin this paperis simply a tree whose  

leaves correspond to basicterms，termSaCtu－  

al1yobservedindocllmentS，andnodestotemt  

9rO叩β，abstract terms defined by agroup of  

basic terms．A basic termitselfcan be viewed  

as a special term group with a single group 

member．In the fbllowing，We11Se thelower  

CaSe壬fbr basic terms and thellPper CaSe T  
払rtermgroups．Forexample，inFigurel，n  

COnSistsofterms（i3，t4，t5，L6，i7），T％consists  

Ofasingleterm（i5），andsoon．  

Tablel：ResultofUPGMAclustering．  

（a）befored一ユalscaling  

∬：（dl，d2，d3，ム，d6，d7，d8，d9，dlO）（d5）  
ズ1：（dl，d2，d3，も，d5，d7，d8，dlO）1d6，d9）  
ズ2：idl，d2，dさ，ム，d5，dT，d8，dlO‡1d8，d9〉  
ズ3：idl，dさ，d4，ふ，d7，dさ，d9，dlO）id2，d5）  

（b）a氏erd11alscaling  

ズ：（dl，d2，d3，d4，d占）（d¢，d7，d8，d9，dlO）  

∬1：（dl，d2，d3，d4，d6）（d8，d7，d8，d9，dlO）  
ズ2：（dl，d2，d8）（dき，d4，d5，d6，d7，d8，dlO）  
ズ3：‡dl，d2，d3，d4，d5，d7）（d¢，d8，dg，dlO）   

The rest ofthe paperis organi2；ed asfo1－  
lows：Section2givesamathematicaldescrlp－  
tion ofthe problem．Section3first provides  

equations丘汀lossesfbrselectingandaggregat－  
1ngfeaturesandthenaproceduretominimize  

thetotallossvalue．Section4showstheresult  

Ofexperimentalstudyusingfu11－teXtS11rVeyar－  
ticlesandthesauriofstandardtechnicalterms．  

Section5includes somediscussions andfut11re  

lSSueS．   

2 Problem Description 

2．1 DualScalingAnalysis  

LetXbeamxnmatriⅩWitheachcella：ijreP－  
rescntingthefrequencyoftermj（1≦j≦n）  
in documenti（1≦i≦m）．DSA can be  

Viewed as avaria，tion ofprlnCiple axes meth－  

Odswhichdeterminestheoptimalscorlngfor  

rows and columns so that the correlation be－  

tween these twois maximi2；ed．Mathemati－  

Cal1y，DSAadoptsageneralmatrixconversion  

PrOCedurecal1edsin9ularvaluedecomposiiion，  

aftertransfbrmlngXtoYgivenby：  

t6  t7   

Figurel：ClassificationHierarchyofTerms．   

It shouldbenotedthat aclassificationhier＋  

archyrepresentsonlyaprwriknowledgeabout  

POSSible re＄emblance of terms and whether  

termscategori2；edintothesamegroupaJCtual1y  

ShowsimilarpatternSremainstobetestedon  

thetargetdata．   

2・3 TermSelectionandAggregation  
Let S（j）rePreSent m dimensional vector  
COrreSpOnding to termまj，i・e・ 言（j）＝  

（ごり，…，諾mブ）ア，tbeJ，tbcolumnofズ．Given  
atermgroupTofsizek，termSeleciionrefbrs  

tothecasewhereko（≦k）ofthektermsisse－  
1ectedasrepresentativesofTwhile theother  

（k－ko）terms are discarded．On the other  

hand，temna99re9ationrefbrstothecasewhere  

∬iゴ   J訂㍉キ  
（1）  粥ブ＝  

茜ノ再   
’   

認f   

with3i・andx・j beingthes－1mS Ofrowiand  
COl11mn］reSPeCtively，and xt the sum ofau  

3＝ij・The computation complexity ofDSAis  
essentiallytheoneneededformatriⅩinversion．   

The above transformation，tOgether with  

the nature of singular value decomposition，  

guaranteesthataddingoreliminatingcolumns  
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thektermvectorsinTarereplacedwitha＄in－  
glenewlygeneratedvector言suchthat  

3．2 LossofTermAggregation  

Loss of term aggregation on the other hand 

is calculated as fb1lows：From the prlnCiple  

OfequlValent partitionユng，aggregating terms  

（土1，…，tk）to asingle termgivenbyEq・（2）  

is，in terms ofDSA，equivalent to substitut－  

1nga11the ktermswithidenticaltermvector  

言′′＝（払…，エ㌫）suchthat：  

ご；′＝町  （5）  

Usingi／J，Wede負nethelossfbrtermaggrega－  

tion as buows：   

m鳥   

ム朋（壬1，…，毎）＝∑∑（∬iゴー鴫）2・（6）  
た1ブ＝1  

Whenthetermgroupconsistsofoulya・Single  
term（k＝1），thelossvalueequalszero．   

Again，theremayexistotherbetterequlVa－  

lenttransformationsintermsofthelossvalue，  

but we use Eq・（5）as our basis becau＄e Of  

the simplicity ofthe calculation and seman－  

ticclearness；When aggregated，autheterms  

inthegroupareaveraged．Theeffectivenessof  

SuCh approximationis examined through ex－  

Perimentsinthenextsection．   

Figure2depictsthedi仔trenceoftermselec－  
tionandaggregationwhereterms（土1，…，ih）  

arereducedintoasingleterm．   

3．3 TotalLoss Calculation  

LetTbeasetoftermgroupsobtainedbyap－  

plyingselectionandaggregation．Everybasic  

terminXeither（i）belongstooneandexactly  
OneOftheselectedtermrOupS（includingthe  

termitself），Or（ii）otherwISe．Then，theoveral1  

loss can be calculatedasfbllows：  

エ…αJ（γ）＝ エきeJ（叛いゴ∈r，r∈r））  

＋∑ム叩g（（まゴl壬J∈れ）・（7）  

γ∈丁   

3．4 Procedure fbr Reduction  

Assumenobeaspecifiednumberoftermsfbr  

reduction．Theprocedureweproposehereisa  

た ふ  

言＝（∑勘小…，∑旬）r・  
ブ＝1  ブ＝1  

（2）  

TlluSin termaggregation，Onlythetotal鈷・e－  

quellCy Ofk tcrmsismaintained after reduc－  

tion whileallotherinformationis discarded．  

Here）WeaSSumetermaggregationoccursonly  

atonceanddonotconsiderthesituationwhen  

asubsetofthegroupareaggregated．   

3 Theoretical Development 

3．i Loss ofTerm Selection  

Assumeterms（ik＋1，…，tn）areselectedfrom  

the orlglnalmatrix X，generating a reduced  

matrixX’＝（言（k＋1），…，責（n））・Fromtheprin－  

Cipleofequivalent partitionlng，thereduction  

lS，intermsofDSA，equlValenttosubstituting  

eachoftheeliminatedterms（ま1，∴，電k）with  

anidenticalvectori／＝（xi，‥・，XLl）givenby：  

mれ た∑∑諾iブ   

壱＝1ゴ＝た＋1  

（3）  
隼わ α＝  

m た ∑∑木  

i＝1ブ＝1   

Note thatin the above equation，thesum of  

each rows and the totalfrequency are main－  

tained・Usingi／，Wedefinethelossofselect－  

ing（玩＋1，…，Ln），i．e．thblossofeliminating  
（£1，…，壬た）asfbllows：  

エ。e直叫1，…，㌦）＝ エe㍍（壬1，…，土烏）  
mた  

＝ ∑∑（£壱ゴー項2・（4）  

た1ゴ＝1  

Though there may exist other possible  

equivalent 

． 

Culation ofthe optimaltransformationis ob－  

viously infeasible and the equation has good 

rationalea・SitapproximatesthemisslngtermS  
bytheaverageoftheremainingones・  
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Figure2：Reducing†tl，…，ih）intoasingletermbyselectionandaggregation  

SOrt Ofgreedyalgorithmwhichminimi2；eSthe  

totallossgivenbyEq．（7）．Whileits execu－  

tion，itmaintainsalistofsortedtermgrou．ps  

よnd a＄S11meS the top no term groups survive  

for selection．ho11rCurrentimplementation，  

thelossisoptimizedbythefo1lowlngStePS：  

SteP（1）：Initial1y，SOrtal1thebasictems  

in X according to their eliminationloss   

givenbyEq．（4）．Select thetopnobasic   

terms and calculate tIle tOtalloss of the   

selection．   

SteP（2）：Chose one of the upper term   

gro11pSWhichdoesnotappearsonthelist   

buthasits membersalreadylisted．Cal－   

Culatethetotallossassu皿ngitsmembers   
area，ggregated．   

SteP（学）‥Ifthelossvalueimproves，elim－  

inateal1thegroupmembersandaddthe   
uppertermtothesortedlist．   

SteP（4）：Repeatstep（2）and（3）untilal1   

the11PPergrOupSareteSted．  

Figure 3 illustrates the proposed reduction 

procedure．  

Figllre3：Classi丘cationHierarchyofTerms．  

Note that the proced11re does not requlre  

m11Chcomputationcost；thelosscalculationat  

Step（2）isinproportionaltothesizeofthema－  
triⅩ，andtheiterationofStep（2）一（3）isnomore  

thanthen11mberofnon－basicterms，Whichis  

relativelysmal1aswillbeseeninTable2．  
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4 ExperimentalResultss 

4．1 TargetData  

Theinformation sources we usein our ex－  

Periment are the survey articIcsinJournaL  

イJ叩α乃eβeβoc五e極舟γAγ坤c壱αJ九feJJ毎e乃Ce  

Publishedduring1986－1995．Thetotal304ar－  

ticlesexistasfu11－teXt，digitiヱedbyOCRunder  

NACSISCorpusProject【8］［9］・   

WecomparethreediLferenttermhierarchies  

extractedfromwell－knownterminologicaldic－  
tionaries：（i）the one obtained鉦om a tech－  

nicalterm dictionary provided byJapanese  

So？ietyforArti£cialInteuigence［11】（JSAl），  

（ii）theoneobtainedfromTechnicalTermsDic－  
tionaryofEDRElectronicDictionaryVersion  

l▲5【10］（EDR），and（iii）（i）expandedwithsyn－  

OnymOu＄termCOrPuSautOmatical1ygenerated  

【12】（JSAIり．SinceJSAIisconstructedbythe  

SOCietyitself，WeCaneXPeC七itisthemoststlit－  

ableto characterizethe target document set．  

Ontheotherhand，EDR．containsalargenum－  

beroftermsrelatinginformationprocessingln  

generalandthusmaynotbesom11Chfbcused  

onthesubjectdomain．InJSAI＊，eaChtermin  

JSAIisexpandedwithagroupofcorrespond－  

1ngSynOnymSincludingvariousnotationvari－  

ations．   

Technicalterms de五nedin each dictionary  
constitute a set of basic terms．The occur－  

rence of each basic termis countedfor each  

article to make theinitial丘equency matriⅩ  
F＝（fij‡・Whilecounting， 

． 

per case difference are applied fbrJSAIand  

EDRwhileinJSAI＊，theoccurrencecounteris  

increasedeverytimewhenoneofthesynony－  

mous terms appears．Tlms，the process can  

be considered as eT巾rcedaggregation where  
termaggregationisalwaysappliedatthebot－  

tomlevel．The difference betweenJSAIand  

JSAI＊is，forexample，inJSAI，theJapanese  

word“metafa（meiaphorinEnglish）“andEn－  
glishword“metaphor”（Figure4）areconsid－  
ereddifftrent and thus asslgned different丘e－  

quencies．Ontheotherhand，thesetwoaswell  

asother terms as“metaphoricalexpression”，  

“in－yu（meiqpho7r，“hiyll（melaphor）”arecon－  

sidered to bethe sameinJSAI＊andthⅥ．S a＄－  

Slgnedthesamefrequency・  

1evell  

leve12  

leve13  

leve14  

Ieve15  

leve沌  

Figure4：Exampleoftermsde丘nedbyJSAI．   

Talble2showsthecomparisonofJSAI，EDR  

andJSAI＊．It can be seen that EDR con－  

tainswiderangeOftermswithles＄OCCurrenCeS．  

AIso，theavera．gefrequencypertermfbrJSAI＊  

isgreaterthantheoneforJSAIbecauseofthe  

term expansion effect．For reference，Values  

Without suchexpansionarealsoshowninthe  

tableby丘gureswithbrackets．   

Table 2：Comparison ofJSAI，EDR and  

JSAI＊．   
JSAI  EDR  JSAI＊   

totalnumberofba5i   2，0錮   

terms  
2，098  195，179        （10，265）   

totalnumber ofter   3，329   

groups†  
3，329  197，307        （13，594）   

averagedeptllOfter  6．0   6．0   

hiera∫Chy  
7．7  

（7・0）   

numberoftermsact11＿   
483  12，026   

1，104   

山1yob＄erVed  （3，196）   
averagefrequencype  0．56  0．25   1．29   

0もservedterm  （0・45）   

t including basic terms 

4．2 Method董br］Evaluation  

Oncetheinitial丘equencymatriⅩisobtained，  

each row ofthe matriⅩis normahzed so that  
the total丘eqt岬nCyforeachdocumentequals  
l・0，i・e・Xij＝fij／∑鎧1fij・Tbrmreductionis  

thenperformedtoreducethesizeofthematriⅩ  
toaspecifiednumber．   

Wecomparetheproposedred11Ctionscheme  

（LRED，reduclion－by－Joss）with a・Simple se－  

1ectionwitholltaggrega・tionwherebasicterms  
are evaluated and selected uslng ehmina・tion  
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lossgivenbyEq．（4）（LSEL，Selection－by－loss），  

andalsowithanaivebutcommonlypracticed  

method that selects the top frequent terms  

（FSEL，SeLection－by一介eqtJ・eT7・Cy）・WcllaVぐalso  

testedselectionusingcrossentropy，butsimple  

frequencyworkedbetterino11rCaSe．Tllismay  

bebecause the authori2；ed terminologicalsets  

donotincludemeaninglesswordssuchasstop  

WOrdswhichcrossent・rOPymethodcanbethe  
mostefftctivelyappliedto・   

Afterthereduction，DSAisappliedtoeach  

reduced matriⅩ tO Calculate similarities be－  
tweeneverydocumentpaユr．As reference，We  

also directly apply DSA to the original nor- 

m誠zed（but not reduced）matriⅩ．and calcu－  

1ate simi1arities．The perfbrmance ofLREI），  

LSEL and FSELis evaluated by the corre－  

1ation between these simi1arity values．Pear－  

SOn’sprodllC七momentcorrelationcoe侃cientis  
usedto seethecorrelationintermsofvalues，  

andSpearman’srankcorrelationcoe昂．cientin  

termsofranks．Forbothcoe爪cients，thevalue  

l．O shows the most丘七test．  
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Figure5：Evalllationmethod．   

4．3 Results  

Figure6compares the performance ofFSEL，  

LSELandLREDfbreachofJSAI，EDR，and  

JSAI＊．Thehori2；Ontalaxisrepresentsthera－  

tioofselectedtermstothetotaltermsactual1y  

Observed，and the verticalaxis to the corre－  

SpOndingvaluesofrank correlations．Results  

ofdistancecorrelationsareomittedsincethese  

twoshowedexactlythesametendency．  

0 0  0．1 0．2 0．3 0．4 0．5 0．6 0．7 0．8 0．9 1．O  

reduc亡ion ratエ0  

（c）perfbrmanceofJSAI＊  

Figure6：Compari＄On Of FSEL，LSEL and  

LREDforJSAI，EDRandJSAI＊．   

The experiment shows that LRJED and 

LSELoutperfbrmFSELinancases，justifying  

theuseofthelossequationaぷaSelectioncrite一  
ria．AIso，LREDisbetterthanLSEL，demon－  

Strating tha七selecもion byloss and term ag－  

gregation bothcontributetotheperfbrmance  
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improvement・Next，COmParison across dif－  

ferentterm hierarchiessuggeststhe aggrega－  

tion e仔ect depends on the kind ofthesauruS  
adopted．Onlysmal1improvementisob＄erVed  

fbrJSAIa・ndモ：DRsince they donotcontain  
InuCh redundaIICy aSJSAI＊・Especial1y fbr  
JSAI）Onlysevcraltcrmiareaggregatedwhich  

111CallS nlOSt Of theilllprOVementis obtained  

by usingthe proposedloss equationfbrterm  

Selection．The result fbrJSAI＊shows that  

’enfbrced’aggregation to some extent works  
Weu・Thiscanbeexplainedasfo1lows：ther芦－  
ductionschemewehavedevelopedtotal1yde．  

pends on statisticalcharacteristics ofterms，  

and thus can hardly dealwith synonymous  

problem where the same conceptis referred  

towithdifrerenttermsldueto t・helanguage－  
difference，theuseofacronymsandsoon．  
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5 Discu5Sions   

Intheaboveexperimenもs，WeuSeOnlylimited  

Sizeofdatainordertomaketheorlglnalma－  

triⅩfbasiblefbrDSA・However，termaggrega－  

tionitselfisapplicableforlargersizes．Varia．－  

tionsoftheproposもdmethodwithlesscompu－  
tationoverheadareexamineduslngreaトscale  
HTTPlogdata【13］【14ト   

Au of（i）the conventionalsimple selection  
methods，（ii）selectionwithaggregationexam－  

inedin this paper，and（iii）DSA can be uti－  

hzed for reduciong dimension ofterms．The  

differenceisthatthedependenciesconsidered  

aOngtermSareeither（i）onanindividualba－  
SIS，（ii）withinpre－determinedtermgroups，Or  

（iii）among a11terms．Correspondingly，DSA  

requiresmuchmorecomputationtimeandre－  

Sultsin better approximation．At the same  

time，DSA has oneprobleminherenttoprln－  

Cipleaxesmethods；thatis，theinterpretation  

Ofthegen？ratedterms（principleaxes）isoften  
di爪cult・Since the proposed methodsimply  
Subsもit11teSagrOupOftermswithawell－de丘ned  
upperclassconcept，themethodissometimes  

prefbrablethanDSAespeciallywhenisusedas  

Pre－prOCeSSing餌erforoもherIRapplications・  
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