GSLIS, UIUC; 501 East Daniel Street; Champaign; IL; 61820; USA. Tel: 217-244-7365; Email 1 gbnewby@uiuc.edu.

M etric M ultidimensional Information Space

GregoryB. Newby 1

Graduate SchoolofLibraryand Information Science

UniversityofIllinois at Urbana-Champaign

T h e r a t ionale and methodologyfor retrieval based on the relative locations of documents within a geometri c i nformation spaceareintroduced. Resultsfrom categoryArout ing and filtering experiments in TREC-5 are discussed.

The techniques used are related to the vector space model, latent semantic indexing, and other methods that relyon st a t i st i ca l q ualities of texts to assess document relatedness. Results showsome promise, but additional research i s needed to determine the extent to which retrieval maybe improved over existing approaches.

INTRODUCTION

S patialmodelsfor IRarewell-known, withalmost 30yearsof refinement and variation. The primary p ointsofdepartureofthisworkf rommanyofthe efforts utilizing the vector space model(VSM) or derivatives are:

1. Relations among terms are measured. This is contraryto te basic

V SM, inwhichtermvectorsare mutuallyunrelated (orthogonal); and

2. Onlya relativelysmallsubset ofavailable terms are utilized.

T he fir st po int is the most important; the second is more a matter ofcomputationalspeed than o f desi re. The genesis ofthe specific methodologyis based on a technique for the measurement o f p sychologicalphenomenathroughsurveyscalledmu ltidimensionalscaling or MDS (KIM78, WF80).

This technique results in a third departure fromVSM:

3 . Theagreement betweentheinformation space and human cognitive space is subject to empiricalverification.

T histhirdqualit ywillnot be pursued in this paper, apart than to present the definitions ofcognitive space and information space.

I nformationspace isaset ofconcepts and relations among themheld b yani nformation system. Information space is produced bya set of known procedures, and is changed through intentionalmanipulation ofits content.

C ognitivespace ist he set ofconcepts and relations among themheld b ypeopleor groups. Cognitivespaceis in constant change as a result ofinternalprocesses and interaction with the environment.

T h e nature ofthe cognitive approach to information systems is discussed extensivelyin INGW96 .

F or this paper, it is sufficient to comment that the desire to develop methods for information space which ap proximate, in some ways, cognitive space is accepted as worthwhile. An example ofa n info r mat i on systemwhich would presumablybenefit fromsuch methods would be a customize d inf ormation agent. For example, a computer programthat selects items for presentation to a use r f romaconstant streamofnewdocument s based on a priori data on a particular user or group (such a programis indicated for the TREC-5 filtering task).

GENERAL METHOD

R etrievalfromtheinformationspaceascreatedhereisbasedonthemonoto nic distance ofdocuments f romaquery . A multidimensionalinformation space is created based on statisticalrelations among terms; documents are then located at the centroid oftheir terms. Queries are also located at th e centroid oftheir terms. Details on the steps involved follow.

S tep1: Select terms for the information space. The space willbe built froma statisticalanalysis of t ermrelations. Rather tha n assess relations among allunique terms in a set ofdata, it is desirable to i dentifyasmal ler number ofterms to work with. For TREC-5, up to 2200 terms were used. Later i mproveme nts in programs allowed for up to 4000 terms. Further improvements are anticipated to y ieldcapabilityfor at l east 10000 terms with current technologies. Throughout, allterms consist of o nlyoneword. It isanticipatedthat theuseofmultiple-wordtermswoul d yield interesting and useful r esults, but suchaninvestigationhasnot yet beenmade. Inaddition, the statisticalrelations employed h erecouldbeappliedto morecomplext̂erms,~suchastheconceptualhiera rchies described in SC95.

S elect ing t e rms maybe accomplished automaticallyor byconsideration ofsome criteria. A n aut omatic method might be to identifyterms which are ^frequent, but not too frequent.~ Fo r example, bet ween the 1st and 3rd quartile in the frequencydistribution. (This presumes that a f requencyd istribution for the occurrence ofterms has been calculated for a document collection or a representative subset.)

A no n- au tomatic method for term identification might be to use terms froma collection that hav e been pr evio uslyidentified as being ofinterest. For example, a personalfiltering systemto see k n etwo rk news (Usenet) articles ofinterest might use terms fromdocuments that were judged to be o finterest inthepast . At this phase, a stoplist maybe employed to de-select terms that are deemed o f lit t le v alue in discerning differences among documents. Stemming or truncation mayalso b e applied.

F or theTREC-5workdescribedhere, a50 0 word stoplist fromSMART was used throughout. The o nlystemmingusedwasto removethelet ter `s´ in the last word position. Allwords were truncated at 8 characters. It is anticipated that more intelligent stemming techniques could yield somewha t improved results (e.g., POR80).

S tep2: Generateatermbyte rm co-occurrence matrix. The fundamentalmeasure of^relatedness~ app lied in this method is the tendencyofterms to co-occur in documents. Co-occurrence mayb e o perationalizedinavarietyofwaysfor natural language documents. The outcome, regardless ofthe o p erational method, is an N by N matrix, where N is the number ofterms selected in the previou s st e p. The matrix is square and symmetric. Depending on the number ofterms and the number o f d ocuments used to create the matrix, it mayalso be sparse (for TREC-5, no matrices were sparse).

T he ass umption underlying this method is simplythat terms that tend to occur together are mor e clo sel y related than terms that do not tend to co-occur. This is a much less sophisticated wayo f a ssessingtermrelationsth an is found in other settings. In expert systems, for example, measures of t ermrelatednessincludehierarchicalrelations, syntacti c relations, temporalrelations, and others (see, for example, PC88). Pathfinder networks use a more complicated measure ofassociation than coo ccurrence, yet without assigningsemanticmeaningsto associations(MS99). Lelu (LELU91) applies a neuralnetwork.

L aw&Whittaker (LW92) usetheterm̀ co-word´ method to refer to co-occurrence measures, as do

PR93 and LEE93. The benefits ofmeasuring simple co-occurrence is that it maybe accomplished a utomat icallyfor large document collections and that it is computationallysimple and conceptually uncomplicated.

O newayofoperationalizingco-o ccurrence is to count the number oftimes each pair ofterms in the m atrixco-occur withinagiven(naturallang uage) document. Thus, if TERM(i) and TERM(j) both occur in a document, the co-occurrence score for row i column j would be incremented, as would i tssymmetric pair, row j column i . This method essentiallyignores the tendencyfor some terms to occur more than once in anygiven document, and also does not take into account the relativ e proximityofterms within documents.

A moredetailedmethodwouldbeto onlyincrement a co-occurrence score for termpairs that occur w i thin the same sentence, paragraph, document section, etc. Danowski(DAN88) has found that a sliding ^w indow~ of+/- 7 terms is effective in measuring termrelatedness. Utilizing this method , t er ms t hat o ccur together in the same document would onlycontribute to the scores in a co - occurrence matrix when theyoccur closelytogether in that document. Terms which tend to occur m orefrequentlyindocumentswillhav e greater raw co-occurrence scores using this type ofmethod.

A further operationalizationofthecreationofthe co-occurrence matrix might be to post-process coo ccur r en ce scores based on the relative frequencies ofterms within documents and within th e do cument co ll ection. tf * idf is one common means ofbalancing the contributions ofterms b y e xaminingtheir tendencyto occur fre quentlywithin individualdocuments versus within a collection.

Fo r T REC-5, the simplest approach was used: the co-occurrence matrix was built based on term s w hichoccur infull-text documents, regardlessoftermor d ocument frequency. Thus, a value of, say,

200 in the co-occurrence matrix for a given termpair would indicate that there are 200 documen t fromthe TREC-5 collection in which both terms occured.

S tep3: Extractatermspacefro m the co-occurrence matrix. Principalcomponents analysis (PCA) is applied t o reduce the N by N matrix to a multidimensionaltermspace. Principalcomponent s a n alysis is a multivariate statisticalmethod similar to factor analysis (see KIM78 for a discussion).

It is intended to identifytrends in sets ofdata with large numbers ofvariables where none are preident i fied as dependent or independent. Eigenvalues and eigenvectors (which are used here a s coordinates within a multidimensionalspace) are the primaryoutcomes ofPCA.

P rocedurally, PCAconsistsofiterativelyide ntifying eigenvalues in the co-occurrence matrix. (More a ccurately, PCAfirst createsac orrelation or covariance matrix fromthe co-occurrence matrix, then pe rforms the eigenvalue extraction.) Pre-written computer functions and procedures for PCA ar e available for a varietyofsettings. The programs utilized in TREC-5 for PCA were written i n

FORTRAN and utilized the IMSL package. Since that time, the programs have been ported to C, but stillutilize the IMSL routines CORR and PRINC .

T hefirst eigenvalu e and associated eigenvectors account for the most variance in the overallmatrix o fanypossible linear combination. The second eigenvalue accounts for the most variance left over a fter thefirst, andso forth. Bydefin ition, a N by N matrix can be represented completelyaccurately b yat most N- 1 eigenvalues(for a realsymmetric matrix). In most cases, however, there is enough c o-variance in the matrix that fewer than N - 1 eigenvalues are needed. As the extraction proceeds, t herelativevarianceaccounted for byeach successive iteration decreases. It is typical, therefore, to o nlyextract alimitednumber ofeigenv alues bystopping with the cumulative variance accounted for r eachesadesiredthreshold, suchas90or 99%. PCAp erformed for TREC-5 typicallyaccounted for

99% ofthe variance with 250-450 eivengectors for a 2000-termmatrix.

T hus, a N by N matrixmayresu lt in a D -dimensionalspace, where D is far less than N . It is equally acc urate to speak ofthe characteristics ofthe space in terms ofeigenvalues and eigenvectors , m atrices, or Euclideangeomet ry. The termspace maybe usefulbefore documents are incorporated in the next step. For example, automatic queryexpansion or thesaurus lookups might be based on terms that are closest in the space to a target term.

S tep4: Locate documents in the space. Document locations in the space are calculated byplacing t hemat thecentroidoftheir associatedterms. That is, a document is located at the geometric center o f allofthe N terms in the space that also occur in the document. For example, a document wit h

1 00 0 unique terms might have 200 that are among the N terms in the space. The document would then be located at the center ofthe locations ofthose 200 terms.

T hisisthesameapproachusedinthe VSM. The difference is that the terms are not unit orthogonal vect o r s. A ve ctor space with N terms would consist of N dimensions or vectors ofequalsiz e

( typically, asizeofoneunit), ea ch ofwhich is mutuallyindependent ofthe others. The difference in t he cur r ent approach is that each termhas a known quantified relation to everyother term in th e s pace. Fromaconceptualstandpoint, t his makes little sense because it is unreasonable to assert that terms are unrelated, but it eases computationalapproaches to assume this is the case.

Cho ices may b e made about the specific method for locating the documents. For example, a do c ument might be proportionallycloser to terms that occur more frequentlyin that document b y weighting that termmore highly.

A t theconclusionofthisstage, theinformationspace contains terms and documents. It is now ready for retrievalusing various methods. It should be pointed out that empiricalevidence through user s tudies(NEW93) hasconf irmed that one propertyofthe information space is not what users would e xpect:althoughdistancescoresbe tween terms and documents are known in the space, it is not the case t hat d ocuments are located closelyto their associated terms. This makes sense based on th e s tepstakenabo ve: byplacing documents at the center oftheir associated terms, one would predict t hat a particular document would not be especiallyclose to anyofits terms. Users ofa visua l i nterfaceto suchaninformationspace, however, madethe(reas onable) assumption that once a useful t erminthespacehadbeenidentified, alltheyneededto do wasretri eve documents close to that term.

METHOD: TREC-5 DOCUMENTS

T heinformationspacecreatedby the steps above is dependent on the terms selected for inclusion in t hespace, andbythedocumentsusedto createtheco-oc currence matrix ofthose terms. The overall p lanwasto makea ^context~ information space for separate document collections. For example, a s pacecouldbebuilt fromtheZIFFcolle ction (about 57K separate documents), and a separate space built fr o m the CongressionalRecord collection (about 28K documents). Different sets o f

^ interesting~termscould be derived fromexamining the frequencydistribution ofterms within each collection.

E achque ry(queries 251-300) could then be located in the separate information spaces and used to r et r ieve t he closest documents to the queries in that space. In fact, this approach was used. On e pr o ble m with the approach is that there is no good cross-space metric to decide how to mi x do cument s f romdifferent collections. For example, in the ZIFF space the closest 100 document s m ight allbecloser than.10units, whileintheCongressional Record space the closest 100 documents ar e allwithin .06 units. There´s no sound basis, fromthe methods used here, to decide whether a d ocument at, say, .05 units distance fromthe queryin one space is equally^related~ to a document a t thesamedistanceinanother spac e. (Note that allthe statisticalmethod measures is ^relatedness~ based on the termco-occurrence matrices ˙ there can be no claimthat the distance measure s

^relevance~ or anything else.)

Resu lts ofthis method were not submitted, however. The author managed to confuse th e r equirementsfor theroutingandad hoc tasks, and ended up creating information spaces suitable for ad hoc queries but without realizing that the actualcollection to be used was not derived fromthe

^ context~spac es. The result was that there was not enough time to complete the ad hoc tasks, nor t o generatemanysepa rate information spaces. Instead, the process was as follows for both routing and filter tasks, which utilized onlyone information space:

That is, querieswith thesen umbers: 1, 3, 4, 5, 6, 11, 12, 23, 24, 44, 53, 54, 58, 68, 77, 78, 82, 94, 95, 100, 2

108, 111, 114, 118, 119, 121, 123, 125, 126, 142, 154, 161, 173, 185, 187, 189, 192, 193, 194, 195, 202, 207, 211,

221, 222, 224, 228, 237, 240 and 243.

Throughout, documentsandquerieswerepre-processedtoremovea ll punctuation, change to lower-case only, 3 r emovetrailing`s,´andkeeponlyalphabetical characters( remove symbols and numbers). The impact of these hatchet techniques is difficult to assess without further experiment.

Select first group terms for analysis . Unique terms fromthe routing and filtering queries wer e2 d etermined(minuss toplist terms). 915 unique terms resulted. Alltagged fields fromqueries were3 dr o pped for allprocessing discussed here, and the entire query( sans tags) was used as-is with n o further processing.

Select second g roup of terms for analysis . Results ofthe routing and filtering queries fromprio r

T RE C s were examined. 5727 ofthe documents that had been identified as relevant fromprio r

T RECswereincludedinthecollectionsonCD2and4utilizedfor TREC-5. A frequencydistribution o funiquetermsfromthese572 7 documents was created, and an additional985 terms were selected from approximatelythe center ofthe distribution. These terms occurred in between 250 and 4000 o fthe5727do cuments. These 985 were added to the 915 previouslyidentified, for a totalof1900 terms for further analysis. It is important to stress the non-scientific basis ofthis selection, as only termfrequencywas taken into account in order to select a manageable number ofterms.

Build the co-occurrence matrix. Onlythe 5727 documents previouslyidentified as relevant fro m prior TRECs were used to build the co-occurrence matrix. The idea was to create an information s pacebasedstron glyon relevance. Again, this is an arbitrarydecision: could it not be that the nonr elev ant documents would have been equallyuseful? Or, simplyusing the documents fromothe r collections?

Perf or m Principal Components Analysis. PCA extracted 99% ofthe variance fromthe co - o ccurren ce matrix, resulting in 454 eigenvalues (alternatively, a 454-dimension information space).

Locate documents. Each ofthe 130476 documents fromthe FB collection (the target for both the r outingandfilteringtasks) waslocatedinthe454Dspace. Allt erms in each document that were also amo ng t he 1 900 terms for analysis were identified. Documents were assigned coordinates at th e

(non-weighted) centroid ofthe terms.

L ocate queri es . The routing/filtering queries were located using the exact same technique as fo r documents, with the same pre-processing. Note that no queryexpansion techniques were utilized.

S electdo cuments for ^retrieval.~ Results for each querywere generated. The geometric distance f romeachdocument to each querywas measured. A ranked list ofall130476 documents for every queryresulted.

Pre pare result sets . The queries and collections were the same for the routing and filtering tasks .

F or routing, theclosest 1000documentsfor eachqueryweresubmitte d as results. For filtering, there were three sets. In the task guidelines, these were presented as: ^Run 1 should be a high precision run, Run 3 a high recallrun, and Run 2 somewhere in between.~

S ince, as mentioned earlier, the information space onlymeasures ^relatedness,~ a further arbitrar y d ecisionwasmadethat Run 1 should be smaller, Run 2 larger, and Run 3 largest. Thus, the closest

25 documents were presented for Run 1, the closest 250 for Run 2, and the closest 500 for Run 3.

RESULTS

P e rformance ofthe information space techniques as presented here were fair, but far fro m outstanding. TREC-5 results are labeled ^ISpace~ (for lack ofa better acronym).

Table 1: Ispace routing results compared to median relevant retrieved @ 1000

Below median 34

On median 6

Above median 5

I space seemed to do wellat including relevant documents at the median or above when the tota l judged relevant was small(i.e., < 10). Overall, at least ½ ofthe totalrelevant documents wer e retrieved as part ofthe response set. Otherwise, there is no obvious pattern to the results.

Table 2: Summaryofrouting results across queries

Query Relevant Relevant Precision Precision Precision Exact number retrieved at 10 docs at 100 at 1000 Precision docs docs

1 30 15 .10 .010 .015 .033

3 101 26 .00 .01 .026 .0099

4 178 105 .10 .03 .105 .0281

5 19 13 .00 .00 .01 .00

6 158 49 .00 .02 .049 .0190

11 92 78 .00 .00 .078 .00

12 228 171 .00 .06 .17 .0658

23 7 4 .00 .00 .004 .00

24 38 16 .00 .00 .016 .00

44 10 6 .00 .00 .006 .00

53 1 1 .00 .00 .001 .00

54 48 38 .00 .01 .038 .028

58 45 12 .00 .00 .012 .00

77 14 7 .00 .01 .007 .00

78 37 21 .00 .01 .0210 .00

82 55 49 .00 .00 .049 .00

94 56 17 .00 .00 .017 .00

95 93 23 .00 .00 .023 .00

100 157 79 .00 .02 .079 .0127

108 174 101 .00 .12 .101 .0977

111 887 458 .60 .62 .458 .4307

114 42 14 .00 .01 .014 .0238

118 324 23 .0255 .00 .00 .0015

119 185 13 .00 .03 .013 .0216

123 57 22 .00 .02 .022 .0175

125 6 3 .00 .00 .003 .00

126 18 11 .00 .01 .011 .00

142 808 450 .50 .65 .45 .3837

154 22 7 .00 .00 .007 .00

161 153 26 .00 .03 .026 .0261

173 15 5 .00 .00 .005 .00

175 14 10 .00 .00 .01 .00

187 194 82 .00 .03 .08 .0206

189 584 264 .30 .37 .264 .1884

192 10 6 .00 .00 .006 .00

194 8 3 .00 .01 .003 .00

202 583 250 .50 .50 .25 .247

207 1 1 .00 .00 .001 .00

211 2 0 .00 .00 .00 .00

221 193 32 .00 .02 .032 .0311

222 2 2 .00 .01 .002 .00

224 1 0 .00 .00 .00 .00

228 68 43 .00 .02 .043 .0294

240 88 11 .00 .00 .011 .00

243 2 2 .00 .01 .002 .00

Precision ranged fromextremelypoor (exact values of0 for 25 queries) to nearlyacceptable (over

.20 for 5 queries). Queries for which performance was acceptable include 111, 142, 189 and 202.

Table 3: Results over all45 topics:

Query Relevant Relevant Precision Precision Precision Exact

Retrieved at 10 at 100 at 1000 Precision all45 1403 542 .05 .05 .03 .0299

Filtering

F ilteringtaskresults, at first glance, werenot much different than the results for the routing task. Of the 7 groups that tackled this task, though, Ispace would seemto have performed the most poorly across the board. Ofthe 45 queries, Ispace achieved the lowest precision score on allthree set s

(precision oriented; balanced; recalloriented) for 20. That is, none ofthe other groups received a lower score for anyofthe those 20 queries.

F or theremaining25queries, Ispaceachie ved the lowest score in at least one ofthe three sets for an a dditional18queries. Ispacehad the highest score for a set for only2 queries, and achieved a score close to the median on at least one set for an additional4 queries.

A neasyexplanationfor thepo or performance ofIspace on manyqueries is forthcoming. In queries that resulted in veryfew relevant documents overall, the fixed number ofdocuments retrieve d r esulted in verylow scores for the three sets. 13 queries resulted in 10 or fewer documents judged a srelevant. Eachofthesequerieswereamongthe20onwhichIspaceha d the lowest achieved score.

Table 4: Summaryfiltering task results

Precision oriented Balanced Recall-oriented

Mean precision .2347 .1065 .0788

Mean recall .0958 .3008 .3716

A nalysisoftheglobalstatisticsfor allroutingandf iltering tasks indicates that other groups mayhave also h ad troubles due to the relativelysmallnumber ofrelevant documents found for the queries .

N otethat meannumber ofrelevant documentsper queryis129.1, but the standard deviation is 204.1.

1 5querieshad20or fewer relevant documents. Thislownumber ofrel evant documents would result in low precision scores for systems which produced a ranked list of1000 documents per queryfor t he r o ut ing results, or who chose (as was the case for Ispace) to produce fixed-sized sets for th e filtering tasks.

Table 5: Summaryofrouting and filtering task results for allofTREC-5 compared to Ispace

Mean Standard Deviation Sum

Relevant 129.1 204.1 5808

Rel_Ret byIspace 57.08 104.6 2569

Correlation Analysis

Analysis ofPearson product moment correlation coefficients across the set ofscores produced for

I spaceś routing results is slightlyinformative. Coefficients tend to be over .90 for almost allscore pairs when allscores are compared (scores for relevant, rel_ret, recallat .00 - 1.0, precision at 5 -

1 000documents, averageprecision, andexact precision). T his would be expected, since most scores r ely o n r e l_ret. The onlyinteresting feature ofthe correlation table (not presented here) is tha t c orrelationstendto d rop off for recallafter the .50 level, with manynon-significant or smallvalues.

One int er pr et at ion ofthis is that the cluster ofdocuments that Ispace places near the queryi s e ffective, but onlyto apoint. Later-retrieveddocuments(documen ts further fromthe querylocation) are less likelyto be relevant, yet other relevant documents do exist in the information space.

I t may be inferred fromthis tendencythat the measure of^relatedness~ that Ispace is sensitive to is n ot entirely consistent with the measure of^relevance~ as produced bythe TREC-5 evaluators. Of c ourse, that canbesaidofanysystemthat doesnot achieveperfect results! For Ispace, an interesting ques tion is whether the relevant documents not found close to the querylocation tend to cluste r together in other locations in the information space.

Queries

An analysis ofthe queries themselves maybe illuminating. Factors which might contribute to th e effectiveness ofIspace include the length ofqueries, the presence ofqueryterms in the documents of the information space, and the number ofrelevant documents fromprior TRECs that were used to build the information space.

F romthemethodasdescribedherein, onlyoneglobalinf ormation space was built for the routing and filt er ing t asks. The input to the space was the collection ofdocuments that had been identifie d previouslyas relevant and were part ofthe CD2 or CD4 collections.

T able 6 : Summarystatistics for numbers ofqueryterms and relevant documents used to build th e information space

Figures for 45 Number ofterms Number of Totalrelevant Ispace total

TREC-5 in each routing relevant docs found for relevant docs for routing/filter query document per allTREC-5 routing tasks task queries queryused for routing/filter training from participants prior TRECs

Mean 120.7 442.8 129.1 57

Median 116 372 48 16

Minimum 8 66 2 0

Maximum 522 1371 887 458

Standard 89 276.9 204.1 104.6

Deviation

T he figures in table 6 demonstrate varietyin querysizes, and also that overall, Ispace seems to b e c apableofretrievingabout ½ oftherelevant documents. Oneitemwhichi s stronglysupported is that t henumber ofquerytermsisnot relatedto thenumber ofdocumentsidentif ied byTREC-5 evaluators a srelevant (p>. 10), nor is the number ofqueryterms related to the number ofrelevant documents retrieved byIspace (p > .10).

Information Space Input Documents

T heinteresting, but inconclusive, component ofthe correlation table ofquerylength and number of d ocumentsretrievedandrankedas relevant is that there is a strong relationship between the number o f do cumen ts that went into building the information space fromeach queryand the number o f r elevant documentsthat Ispaceeventual lyretrieved ( r =.57, p < .001). Taken alone, one would infer t hat t he context ofthe information space is extremelyimportant ˙ that including the relevan t documents frompast experience is veryusefulin improving results.

But the high correlation between the number ofdocuments that went into building the information s paceandthenumber o frelevant documents retrieved overall( r =.61, p < .001) indicates a different int er pr e tation. Essentially, this correlation indicates that queries with larger numbers ofrelevan t documents in past TRECs tended to have larger numbers ofrelevant documents in TREC-5.

Table 7: Correlation among values for TREC-5 and Ispace

Pearson´s r , Relevant docs Relevant docs Relevant docs by # post-processed probability prior TRECs TREC-5 Ispace queryterms

Reldocs prior 1.0

0.000

Reldocs TREC-5 0.614 1.0

0.001 0.000

Reldocs Ispace 0.568 0.954 1.0

0.001 0.001 0.000

# queryterms 0.172 0.136 0.123 1.0

0.257 0.373 0.417 0.000

E xaminationofthequeriesthat Ispacewasableto performbest at helpsto give sustenance to the first i nterpretation, that thecontext usedto buildIspaceśinforma tion space improves retrievalfor queries m orestronglyrelatedto or derivedfromthat con text. The queries on which Ispace did best for both filtering and routing tasks are 111, 142, 189, and 202.

E xaminat ion ofthese queries shows theyare unremarkable in terms ofthe number ofqueryterm s

(ranging from8 to 189). Yet two ofthe queries (142 and 189) had the largest number ofrelevant d ocumentsfro mprior TRECs that went into the context for Ispace´s information space. The other two queries (111 and 202) were also above the 3 quartile.rd

T hegreatest sustenanceisgivento thesecondinterpretation, however ˙t hat Ispace tends to retrieve lar ger numbers ofrelevant documents when allofTREC-5 identified larger numbers. This is th e correlation of.95 (p < .001) between the number ofrelevant documents identified byTREC- 5 evaluators and the number ofrelevant documents that Ispace retrieved.

E xaminingthenumber ofrelevant documentsfromprior T RECs that were actuallyon CD2 and CD4

( asopposedto thosethat werejudged as relevant in prior TRECs but not part ofthe collection used fo r T RE C- 5) is not helpful, as the proportion ofdocuments judged relevant to those on CD2 an d

C D4isrelatively constant. However, a somewhat weaker correlation is found between the number o f r e levant documents Ispace found and the number ofdocuments actuallyused to build th e in formation space ( r =.47, p < .001). The weaker correlation (.47 versus .56 for allrelevan t d ocumentsfromprior TRECs) i s just as likelyto be a byproduct ofthe larger standard deviation for the second score (277, versus 105 for documents actuallyused) as anything else.

CONCLUSION

T akentogether, theseresultsindicatether e is some utilityin the Ispace approach. However, it is yet t o beseenwhether thedifferencesintheapproachto document processing, document representation, q ueryrepresentation, andtheretrievalpr ocess fromIspace offers anysubstantialimprovements over existing approaches.

S ho r t comings ofcreating a metric multidimensional information space are primarilypractical: th e l argematricesandmoderatecomputationalcomplexity ofthe principalcomponents analysis, coupled with the pre-processing ofdocuments and then locating themin the information space, allresult in a process that is not amenable to real-time production. Bysampling fromthe documents to create t he information space (rather than examining all), and byapplying singular-value decomposition or a nother reductiontechnique to reduce the size ofthe matrix, some speed-up in processing would be expected.

Further research should address, minimally, the following areas:

1. What difference in performance would result fromadjusting th e select i on ofinput documents to generate the information space a s follows:

- Choose a smallset ofknown relevant documents only

- Choose a large randomset ofdocuments

- Manuallypicktermsfor th e space which are suspected to be u sefulfor discriminati ng among relevant and non-relevant documents

2 . What istheeffe ct ofthe number ofterms in the information space

(or how theyare selected)?

3 . Examinehowdocumentsidenti fied as ^relevant~ for TREC-5 tend t o cluster intheinf ormation space. A randompattern would indicate t hat therearequalitiesof relevance that are entirelymissed byIspace, while t h e presence ofwell-defined clusters that are not at the quer y c entroidwouldindicatethat Ispac e is sensitive, but the querylocation is not the onlyworthwhile basis for retrieval.

4. C reate information spaces based on actual measurement o f co gnit ive space (i.e., through measurement via MDS surveys), an d determine:

- The differences in the information spaces that result fo r different user groups or situations

- W hether such information spaces could be approximate d algorithmically

- Whe ther better retrievalresults maybe obtained with suc h information spaces

Many other areas are ofinterest, such as the role ofmulti-word terms, exploration in the effects of differ en t stemming and truncation, or use ofknowledge about different parts ofdocuments (e.g. , e xaminingwhether usingonlyanabstra ct would help). One area which has not been explored in the current paper is the potentialfor experimentation with visualinterfaces for IR.

T heinformationspacescreatedherearedifferent fromvector sp aces in that the termvectors are nonorthogonal. Further, the PCA procedure that creates the spaces extracts eigenvalues such that the l argest arechosenfirst. Thus, it is typicalfor the first 3 eigenvalues to account for 15 or 20% ofthe v arianceintheinformationspace. Thesefirst 3dimensions, then (or, another set ofearlydimensions) are suitable for visualization and navigation with a 3D interface.

T heauthor hascreatedsuchinterfaces using flat-screen and 3D technologies, and has found themto b eusablefor actualretrieval (NEW92). Such an interface is not well-suited to most ofthe TREC-5 tasks, but could be employed for the interactive task. Such efforts remain for a future time.

REFERENCES

[ DAN88] Danowski, JamesA. 1988. ^Organizationalinfographics and automated auditing: Using co mpu ters to unobtrusivelygather as wellas analyze communication.~ in Goldhaber, G.M. &

Barnett, G.A. (Eds.). Handbook ofOrganizationalCommunication . Norwood, NJ: Ablex.

[ING96] Ingwersen, Peter. 1996. ^Cognitive perspectives in information retrieval interaction :

Elements ofa cognitive IR theory.~ J. Documentation 52(1): 3-50.

[KIM78] Kim, Jae-On & Mueller, Charles W. 1978. Factor Analysis . BeverlyHills: Sage.

[ LW92] Law, J. & Whittaker, J. 1992. ^Mapping acidification research: A test ofthe co-wor d method.~ Scientometrics 23(3): 417-461.

[ LEE93] Lee, JoonHo;Kim, Myoun g Ho; & Lee, Yoon Joon. 1993. ^Information retrievalbased on conceptualdistance in is-a hierarchies.~ J. Documentation 49(2): 188-207.

[ LE LU91] Lel u, Alain & Claire, Francois. 1992. ^Information retrievalbased on a neura l unsupervised extraction ofthematic fuzzyclusters.~ Neuronimes .

[ MS88] McDonald, JamesE. &Schvaneveldt, Roger W. 1988. T̂heapp lication ofuser knowledge to interface design.~ in Guindon, Raymonds (Ed.). Cognitive Science and its Applications fo r

Human-Computer Interaction . Hillsdale, NJ: Lawrence Erlbaum.

[ NE W93] Newby , GregoryB. 1992. ^An investigation ofthe role ofnavigation for informati n r etrieval.~ Proc. Amer. Soc. for InformationSci ence AnnualMeeting 20-25. Medford, NJ: Learned

Information.

[PC88] Parsaye, * & Chignell, Mark. 1988. Expert Systems for Experts .

[ P R93] P eters, H.P.F. & van Raan, A.F.J. 1993. ^Co-word-based science maps ofchemica l e ngineering. Part I:Representationsbydirect multidime nsionalscaling.~ Research Policy 22: 23-45.

[POR80] Porter, M.F. 1980. An Algorithmfor Suffix Stripping. Program 14(3): 130-137.

[ S C 95] Strzalkowski, Tomek & Carballo, Jose Perez. 1995. ^NaturalLanguage Informatio n

Ret rieval: TREC-4 Report.~ In: TREC-4 Proceedings . Gaithersburg, MD: NationalInstitute o f

Science and Technology.

[ WF 80] Woelfel, Joseph D. & Fink, Edward L. 1980. The Measurement ofCommunicatio n

Processes: Galileo Theoryand Method . New York: Academic Press.