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Intr oduction

With the increasingnumberof electronicdocumentsauto-
maticindexing from a documenis anessentiabpproachin
information retrieval systemsij.e., searchengines.Over the
yearstherehave beenmary suggestiosasto whatkind of
featurescontritute to anindex for theretrieval of documents.
For example,the numberof occurrencesf terms! in adoc-
umentknovnasTF (TermFrequeng), is consideredo bea
usefulmeasuremenbf termsignificance(Luhn 1957) The
numberof occurrence®f termsover the documentcollec-
tion, known asIDF (InverseDocumentFrequeng), is also
a usefulmeasurerant(Spark-Jone4972). TFIDF, the pro-
ductionof TF andIDF, is usedfor measuringhe discrim-
ination of a documentrom the remainderof the document
collection(Salton& McGill 1983) TF andTFIDF aretend
to stronglyregardfrequentermsassignificant.Ontheother
hand, somereseachesare focusedon the lowest-frequent
term extraction(Weebey Vos, & Baayen2000) Heuristics
for the locationof terms(e.g., termsin titles and headlines
areimportant)(Baxendale1958) andfor cueterms(e.g., fi-
nal’ suggestshestartof conclusionEdmundsori969)are
alsousedfor detectingheimportanceof terms.

Thesestochasticor heuristic measuremets are widely
usedin documentretrieval. However, in orderto retrieve
documentsnatchingusers’specificanduniqueintereststhe
traditionalmethodsof approachmentionedabore areinsuf-
ficientin thatthey oftendisregardthe authors specificand
original poirt (Ohsava, Benson,& Yachidal1999). Key-
Graph(Ohsava, Benson,& Yachida1999)focuseson ex-
tractingkeywordsrepresentinghe assertednain pointin a
document. The stratgy is that the authors main point is
basedon the fundamentakconceptsrepresentedy the co-
occurrencebetweernfrequenttermsin a document.We ex-
pandtheideaof KeyGraphby consideringhetermactiities
togethemith the storyof a document.

This paperproposesnautomatidndexing methodcalled
PAI (Priming Activation Indexing) that extracts keywords
representinghe authors mainpointfrom adocumenbased
on the priming effect in cognitive process. The basicidea
of PAIl is thatsincean authorwrites a documentemphasiz-
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ing his/hermain point, impressve termsbornin the mind
of the readercould representhe assertedkeywords. PAI
employsa spreadingactivation modelwithout usingcorpus,
thesaurussyntacticanalysis,dependengcrelatiors between
terms,or ary otherknowledge exceptfor stop-wordist. Ex-
perimentakvaluatiors arereportedoy applyingPAl to jour-
nal/conferenc@apers.

Priming Effect

Most of cognitve process involving the understand-
ing/interpretingof a documentis still little understood.
However, the medhanismof memorizationin the readers
mind empiricallycomesout. The humanmind canbe mod-
eledasanetworkwhereconceptsareconnectedo a number
of otherconceptsand the statesof conceptsare expressed
by the actwities. If a conceptis activated,its adjacentcon-
ceptsarein turn activated. Thus, actiities spreadthrowgh
the network. Mary experimentsindicatethat the speedof
associatinga conceptis in proporton to the level of activ-
ity. This kind of phenomenons known as priming effect
(Lorch1982;Balota& Lorch 1986).For example,if ‘bread’
is activated, ‘butter’ is named/recognizethsterthan other
unrelatederms.

The priming effect is consideredo be closelyrelatedto
the procesf understandig/inerpretinga documenin the
readers mind. Usually anauthoremphasizesis/hermain
point in the documentcontent,and we go on understand-
ing/interpretingoy activatingrelatedconceptaswe readthe
content.Here,we definetheauthors main pointasfollow.

Definition 1 Activated termsin the reader’s mind represent
the author’s main point in the document.

Basedon Definition 1, we regard highy activatedtermsas
stronglymemorizedtermsin thereaders mind, andextract
themaskeywords representinghe authors mainpoint

Spreadingof Activation
SpreadingActivation Model

The mechanisnof humanmind, i.e., priming effect at un-
derstandingiterpretig a documenthasbeenformalizedas
Soreading Activation Model basedon the empiricalexperi-
mentsin cognitive science(Quillian 1968;Collins & Loftus
1975;Anderson1983).In this model,termsarerepresented



asnodesandrelationsbetweerthetermsarerepresenteds
associatie links betweenthe nodes. In this paper We call
the networkasactivation network.

The actiities of nodespropagatealongthe links to con-
nectednodes.Highly actvatednodesareenhancedor fur-
ther cognitive process.The actvity level is determinedcby
thefrequeny andrecentnessf activating(Andersonl995)
Oneof the mathematicaformalizationof spreadincactiva-
tion model,on which our approactis basedjs describedhs
follows (Pirolli, Pitkow, & Ra01996).

A(t) =C+ ((1—y)I+aR)A(t—1) @)

Where, A(t) is a vectorrepresentshe actvities of nodes
atdiscretestept = 1,2,---, N, whereA(t); representthe
activity of nodei atstept. R is amatrixrepresentingctiva-
tion network,whereR,; ; (i # j) representshe strengthof
associatioetweemodei andyj, andthediagonaklements
R, ; (i = j) containszeros.C is avectorthatrepresentshe
actiities pumpedinto the activationnetworkR, whereC;
representtheactvitiespumpedn by nodei. Iis anidentiy
matrix. v (0 < v < 1) is a parametefor relaxingthe node
actiity, and« is aparameer for determininghe amountof
actiitiesfrom a nodeto its neighbors.

Eq. (1) supposeshe situaton wherethe activation net-
work R is stableregardlessof stept. However, in the case
of readingadocumentit is naturaffor usto considethatthe
activationnetworkchangessthe storyflowsbecause doc-
umenthasa storythroughwhichtheauthorbuilds his/herar
gumentsln ourview, theflow of activationstrondy derived
from the story canbe a key for understandig the authors
specificandoriginal point. The pumpedactiities C canbe
ignoredbecausét is alreadyincludedin activationnetwork
Accordingly, we transformthe spreadingactivation model
in eq. (1) into thefollowing, by replacingR with R(t) rep-
resentingactivation netwok atstept, andsettingC = 0.

At) = (1 =T+ aR(t)) At - 1) (2)

This translatbn is an expansionof spreadingactivation
modelin eq. (1) for understandinguthors mainpoint.

Activation Network

Activation networkR (¢) standor the associatiorbetween
terms in the readers mind at step¢. Here we assume
thatR(t) correspondso the conceptof semanticallycoher
ent sentencesvithin a document,e.g., sentencesn a sec-
tion/subsectionWe call eachportion asa segment. In read-
ing a document.the authors main point is interpretedby
activatingR(t) in turn.

We constructthe associatiorbetweentermsin ead seg-
mentby calculatingtheco-occurrencef thetermspropased
in (Ohsava, Benson,& Yachidal999). The algorithm is
basedon theassumptiorthatassociatedermstendto occur
within the samesentenceThe outline procesgo a sggment
is asfollows. First, certaintermsareextractedasfundamen-
tal concepts. Then, the associatiorbetweenthe termsare
calculatedandlinks arebuilt betweerthem.

PAI: Priming Activation Indexing
Pre-processing

In advance,threepre-processeare conductedo facilitate
and improve the analysisof a document. The most fre-
guentterms, e.g.,‘a’ and'‘it’, are consideredo be com-
monandmeaningles§Luhn 1957).For thisreasonwe first
remove stop words usedin the SMART system(Salton&

McGill 1983). Secondbasedon the assumptiorthatterms
with acommonstemusuallyhave similar meaningsyarious
suffixes-ED, -ING, -ION, -IONS areremoved to produce
the stemword. For example,SHOW, SHONS, SHONED,
SHOWING are translatednto SHOW. In PAl, we employ
Porters sufiix strippng algorthm (Porter 1980) Suffix

stripping is sometimesan over-simplification since words
with the samestem often mean different things in differ-

ent contexts. However, PAl dealswith the problemof un-
derstandinghe context by spreadinghe actvitiesalongthe

storyof adocumentThird, thesequenceof termsin adoc-
umentarerecognizedasphrasegfCohenl1995).

The Algorithm of PAI
Thealgorithm of PAI consistf five steps.

Stepl)Pre-processing: In preparationfemove stopwords,
strip suffix, andrecognizephrasedrom a document.

Step2)Segmentation: According to the semantic co-
hereng, a documents sggmentedinto portiors S; (¢t =
1,2,---,n).

Step3)Activation network: For each segment S; (t =
1,2,---,n), termsaresortedby theirfrequenciesandtop
N%? termsaredenotedy K () asfundamentatoncepts.
Theassociatiorof termsw; andw; is definedas

assoc(w;, w;) = Z min(wg|, , [wyl,), 3
sESt

where|z| denoteghe countof = in sentences. Pairs of

termsin K (t) aresortedby assoc, andthepairsabove the

(number of termsin K (t)) - 1 th tightestassociatiorare

linked (Ohsava, Benson,& Yachida1999). In additon,

we alsoconsidetthefollowing factors:

e Priming effect becomesstrong in propation to the
strengthof associatiorbetweerterms.

e The activation valuefrom w; is equallydividedby the
numberof links connectedo w;.

For links betweenw; andw;, R(t);, ; is definedas

assoc(w;, w;)
links(w;)

wherelinks(w;) denoteghe numberof links connected
to w;. Otherelementn R(t) is definedasO.

Step4)Spreadingactivation: FromS; to S, actiitiesare
propagatedy iteratingeq. (2). Primal actiity of each
term beforeexecutingspreadingactivationis 1. The pa-
rametersof v anda have to be setby trial anderror be-

R(t)i; =

causehey dependnthecharacteristicef documents.

2Empirically, we setN as20.
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Step5)Extract keywords: After spreadingactivation on
all the sgmentsin turn, highly actvatedtermsare con-
sideredasthe authors main point. However, evenif the
activity is not so high, a term connectingfundamental
conceptsis also consideredas the authors point (Oh-
sava, Benson,& Yachida1999). As fundamentakon-
ceptspropagate large numberof actwity into neighbas,
the actiity of a term connectingfundamentalconcepts
canberecognizedy focusingon the actwity for its fre-
gueny of activation. For this reason,we extract both
highly activated terms andkeenly activated terms asau-
thors mainpoint

An Example of PAI

Here we shav an exampleof PAI process.Figurel illus-
tratesthe transitonsof termactvitieswhile readingthe ab-
stractof this paper Spreadingactivation processgoeson
from Step1 to Step4 in turn. The darknesof a nodein
Figurel shavsthelevel of term activity.

Step.1shavs theinitial stateof thereaders mind. In this
state all termshave equallylow actiities, e.g.,1. In thefirst
stateof readingthe abstract,the left-handtermsin Step.2
construcanactivationnetwork and‘automatic’,‘indexing’,
‘keyword’, ‘document’,and‘IR’ are activated. On further
readingof the abstract,the upper andrighthandtermsin
Step.3reconstrucanactivationnetwork,in which theacti-
ities of Step.2come. In thefinal state thelower- andright-
handtermsin Step.4reconstructan activationnetworkand
activatethetermsaswell. Thestateof Step.4shavsthelevel
of actiities of the readers mind after readingthe abstract.
Fromhere,we extracthighy/keenlyactivatedterms,suchas
‘spreading’,activation, ‘term’, ‘activity’, ‘keyword etc.as
keywordsrepresentinghe authors main poirt.

Experimental Evaluations and Discussions
Segmentsand Parameters

Hereafter we treat a journaltonferencepaperas a doc-
ument. The paper usually consists of several sec-
tions/sibsections. Each contenthas semanticallycoher
ent contxt. Therefore, we segment a paper by sec-
tion/subsectionAs for the parametery, we assumehatthe
authorof apaperdoesnotconsidethereadersforgetfulress
althoughtheactwity of thereaders minddecreaeovertime
(Tanenhaud,eiman,& Seidenbeay 1979).Accordingto the
assumptionye sety = 0 soasnotto decreas¢erm activ-
ities during the readingof a document. As for the param-
eter«, we cannothave ary assumptiorin advancebecause
R(t) affectedby « is derived from variousassumptionsin
this paper we determinex = 1 by preliminaryexperiments
donebeforeformal experiments.

CaseStudy

Let usshav anoutpu of PAl. The paper(MatsumuraOh-
sava, & Ishizuka2000)we analyzeheredescribes new ap-
proachof informationretrieval for satisfyirg a users novel
guestionby combiningrelateddocuments. The extracted
keywordsby PAl, TF, TFIDF andKeyGraphare shown in
Table 1, andthe activation networkis shawvn in Figure 2.
The corpusfor TFIDF is constructedrom 166 papersob-
tainedfrom Journalof Artificial IntelligenceResearh 3.

Accordingto the authors commentsthe mostimpor@ant
termsare‘combination retrieval’ and‘documentset’ (‘mul-
tiple documents’is also usedin the samemeaning). It is
nota surprisethatall methodshighy rank‘combinatbn re-
trieval’ (KeyGraphranksit at 13th)becausehetermis the
mostfrequenttermin the paper However, ‘documentset’
obtainedby PAI cannotbe extractedby the othermethods.
In addition ‘meaningcontet’, ‘conditional term’, ‘abduc-
tive inference’,'small number’,'minimal cost’, ‘pastques-
tion’ areretrievedonly by PAl althoudn they alsorepresent
theauthorsmain point

In TFIDF, a term with high DF valueis hardto be ob-
tainedevenif it is signficant. For example, TFIDF regards
‘abductiveinference’asinsignficantbecauseit oftenoccurs
in thefield of Artificial Intelligence. In additon, it is hard
to be obtainedby TF becausehe frequeng of ‘abductive
inference’is low.

The adwantageof PAI that can extract keywords repre-
sentingthe authors main point regardlessof the frequeny
is derivedfrom the stratey of spreadingactivationanddoc-
umentsggmentatian. In the paper ‘abductie inference’is
describedasextracting‘documentset’ by ‘combinationre-
trieval’. For thisreasontheactvity of ‘abductie inference’
becomeshigh due to the actwities of ‘documentset’ and
‘combinationretrieval’. KeyGraphalso makesuse of co-
occurrenceof termsto understandhe authors main point,
however, thegraphis ratherperspectie thanPAl.

Experimental Evaluation

To evaluatethe performanceof PAl, we comparedhe key-
wordsobtainedby PAI, TF, TFIDF, andKeyGraph. 6 sub-

Shttp:/Avww.cs.wahington.edliesearch/jair/
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jectsparticipatedn our experiments.Fromthe subjectswe
collected23journaltonferencepaperswritten by ead sub-
ject. Experimentswere conductedas follows: First, from
eachpaper we extracted15 keywordsby PAI, TF, TFIDF,
andKeyGraphindividually. Herewe regardedthe keywords
of PAI astop 10 highly activatedtermsandtop 5 keenlyac-
tivatedterms. Then, let eachauthorevaluateeachkeyword
extractedfrom his own paperdo seewhetherit matchesis
assertioror not.

Precision (how mary of the keywordsrelevantto the au-
thor'smainpointareobtained)andrecall (how mary of the
retrieved keywordsare relevantto the authors main poirt)
are traditionally usedto evaluateinformation retrieval ef-
fectiveness.In our experiment,however, recall cannot be
efficiently computedbecausehe keywordsrepresentinghe
authorsmainpointcannotbefully extractedevenbytheau-
thor. Insteadwe usemean frequency of keywordsmatching
authorsmainpoirt to evaluatethefrequeng.

Theresultsof precision andmean frequency areshavnin

Table2. The resultsshawv thatPAI could extractlower fre-
gueny termsmore efficiently comparedto otherkeyword
extraction methods,despitehaving almostthe samepreci-
sion as TF without corpus. In general,the productof the
frequeny of termsandtherankorderis approximatelycon-
stant(known as Zipf's Law (Zipf 1949)). Moreover, infre-
guenttermsare usuallyinsigrificant (Luhn 1957). Thatis,
discoreringinfrequentbut significanttermsis quite difficult
problem.Consderingthesesituatons,we canconcludethat
PAI isamethodfor extractinginfrequentut signficantkey-
words.

Table2: Experimentatesults.

| PAl | TF | TFIDF | KeyGraph
precision 0.56 | 0.55| 0.63 0.45
mean frequency | 14.3 | 24.1 194 17.9




Tablel: Top10keywordsobtairedby PAl, TF, TFIDF, andKeyGraph.

Ranking | PAIT | PAIf | TF | TFIDF | KeyGraph
1 userqueri abductinfer combinretriev | combinretriev documat
2 readdocument | smallnumbe document doawment alcohol
3 fat userundestand user quei user
4 satisfi minim cost queri use query
5 evalu multipl document | answe ansver doc
6 retriev obtain querienter knowledge readdocumat | weights
7 documat set vector obtain alcorol subject
8 meaningcontext | word set word keyword fat
9 conditterm hyperbridg readdocumenh | questionansver | understadable
10 combinretriev pastquesion alcohd ansver queri types
t: highly actvatedkeywords  1: keenly actvatedkeywords
Conclusion tivation. Journal of Verbal Learning and Verbal Behavior

Becausean authorwrites a documentemphasizinchis/rer
specific and original point, impressve terms born in the
mind of the readercould representhe authors main point
Basedon this assumptionwe proposedPAl which realizes
priming effect in the readers mind for keyword extraction.
Experimentalevaluation shavs that PAI can extract key-
wordsrepresentinghe authors mainpointregardlesf the
frequeng.

Chancediscovery is definedasthe awarenes on andthe
explanationof the significanceof a chance,especiallyif
the chances rareandits significances unnoticed Ohsava
2002).Fromthispointof view, PAl canbeatoolfor support-
ing chancediscorery becausaunderstandingisserteckey-
wordsleadsusaware of the significanceof the document.
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