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Abstract Documentclusteringis usefulfor address-
ingvaguequeriesandmanaginglargevolumesof docu-
ments.However, conventionalalgorithmsfor document
clusteringdo not considerthe lengthsof termsin the
cluster labels. Somecluster labelshaveconsiderably
different lengths. Cluster labelswith different lengths
result in wastedspaceon the screen. To counterthis
problem, we have developeda new methodfor term
clustering. Our methodconsiders bothlengthsandco-
occurrencesof termswhile clusteringthem.Therefore,
our methodcan achieve an ef�cient documentsearch
evenwith limited areaon thescreen.
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1 Intr oduction
A single-term query is usually ambiguous, and it
resultsin a large numberof documents.Searchresult
clusteringis very effective in managingsucha large
number of searcheddocuments[1][2][3]. We have
developeda model for classifying a set of searched
documentsinto clusters of related terms[4]. The
developedsystemwasfound to be usefulfor PCusers
but not for the usersof mobile terminals. This is
becausethe number of terms in each cluster label
varies. Further, the numberof letters in each term
varies. For example,the numberof lettersin cafe is
lessthanhalf the numberof lettersin restaurant. The
situationworsenswhenwe usea proportionalfont to
representthe cluster labels. In a proportional font,
the spacerequiredto representthe letter “w” is larger
than that requiredfor “i,” therebyresultingin wasted
spaceon the screen(Figure 1 (a)). In order to make
optimal useof the limited spaceon mobile terminals,
we proposea new clusteringmethod. Our proposed
methodgeneratesa setof related-termclustersthat �t
in a rectangularregion (Figure1 (b)). Therelated-term
clustersarebasedontheco-occurrenceof relatedterms
andaresupposedto beintuitively betterunderstoodby
usersthanrandomizedrelatedterms. This is because
co-occurrentterms in documentsare supposedto be
termsassociatedwith eachother. Accordingto Meyer
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Figure1: Comparisonbetweenclusteringmethods

Figure2: Comparisonbetweenoccupiedareas

and Schvaneveldt[5], pairs of associatedterms such
as (BREAD-BUTTER) and (NURSE-DOCTOR) are
more promptly recognizedby users than pairs of
unassociatedterms such as (BREAD-DOCTOR) and
(NURSE-BUTTER). Hence,the proposedclustersare
consideredto beeffective in theselectionof preferable
termson thedisplayscreenby users.

Further, usersdo not have to input eachletter in
thetermswhenusingrelated-termsclusters.Usersmay
simplyselectpreferabletermsonthescreen.Moreover,
usershaveanoptionof selectinganumberonthescreen
for accessibility;for example,they canpushbutton“2”
to indicatea setof terms“restaurant,sushi,tempura”
at once. As shown in Figure2, clustering(b) canbe
moreinformativethanclustering(a)becausetheresults
of theformeroccupy a largerareaon thescreen.

2 ProposedMethod
Our proposedmethodis describedasfollows. We as-
sumethat mobile userswill entera shortquery (typi-
cally just one term suchasa locationname)andwill
seeksuggestedtermsin responseto thequery;Thesys-
tem shouldpresenta well-organizedmenuof various
suggestionsin responseto thequery, andtheuserwill
thenselectoneof thesuggestionsin themenuasanex-
pandedrequirement.After this, thesystemwill present
a numberof web pagesrelatedto that expandedre-
quirement. The proposedmethodis explainedin the
following paragraphs.

In ourproposedclusteringmethod,we�rst generate
a setL (Q) of termsrelatedto theshortprimaryquery



Q anddeterminetherelationshipbetweentheelements
in L (Q). Speci�cally, we denotethei -th termselected
from L(Q) ast i (Q). For example,for Q = “Shinjuku,”
t i (Q) = “restaurant”may be a relatedterm. Next,
we de�ne a queryconsistingof Q andt i (Q) asqi =
hQ; t i (Q)i . From the web pagesthat aresearchedby
qi , we extract the adjacentterms of t i (Q). We call
thesetermsassociationtermsof t i (Q). Let A i (Q) be
the list of associationtermsof t i (Q). NotethatA i (Q)
mayincludeanotherrelatedtermt j (Q). Thisisbecause
the termt j (Q) = “sushi” maybeadjacentto t i (Q) =
“restaurant”in the web pagesof Q = “Shinjuku.” In
order to determinethe relationshipbetweenthe terms
t i (Q) andt j (Q) with respectto the primary queryQ,
we de�ne their co-occurrencescore,scoreij , by

scoreij = (andij =orij ) � (1 + log(andij )) ; (1)

whereandij denotesthenumberof lists of association
terms that include both t i (Q) and t j (Q) and or ij

denotes the number of lists of associationterms
that include either t i (Q) or t j (Q). The equationis
de�ned empirically on the basis of our exploratory
experiments. We have observed that in order to
consider the co-occurrencesof terms, the equation
shouldamplify andij ; however, theampli�cation must
notbeexcessive.

In thealgorithm,wesettheminimumandmaximum
acceptablelengthsperline of thedisplayscreento `min

and`max , respectively.

Algorithm—RectangularClustering

(Step1) Reada list L (Q) of terms relatedto every
queryQ. Determinethelengthof eachtermin the
list L (Q). Here,the lengthis theactuallengthof
thetermon thescreen.

(Step2) For every pair t i (Q) and t j (Q) of terms in
L (Q), calculatescoreij usingequation(1).

(Step3) For every termt i (Q) in L (Q), selectthe two
highestco-occurrencetermstk1 (Q) and tk2 (Q).
Then,mergetheselectedtermsto generateaprim-
itive clusterci = ht i (Q); tk1 (Q); tk2 (Q)i . Note
that termsmay overlap in the primitive clusters.
Beforeproceedingto Step4, calculatethescoreof
ci asthesumof scoreik 1 andscoreik 2 .

(Step4) Remove overlappingtermsfrom clusters. If
thereareoverlappingtermsamongmultiple clus-
ters,retainonly thosetermsthatarein thecluster
with the highestco-occurrencescore. Eliminate
all termsthatarerepeatedin otherclusters.

(Step5) Determinethe total lengthof eachclusterto
alter the cluster. If the total length of a cluster
is lessthan`min , merge the clusterwith another
cluster. If two clustersci and cj had common
termswhenthey wereprimitive clusters,they can
bemerged.

(Step6) Determinethe total lengthof eachclusterto
decidewhetherto selector reject the cluster. If
thetotal lengthis adequate,selecttheclusterfor a
clusterlabel. If the total lengthis lessthan`min ,
rejectthecluster. If thetotal lengthis greaterthan
`max , selecttermsfrom theclusterasmany aspos-
sibleuntil the total lengthis in therangebetween
`min and`max .

(Step7) Remove the termsusedfor the clusterlabels
from thelist L (Q). If L (Q) is emptyor if nomore
clusterlabelsaregenerated,write out the cluster
labels,andendthealgorithm.Otherwise,returnto
Step3 andcontinue.

3 Implementation
In orderto measurethe actuallengthof a term on the
screen,we use Graphviz1 and IPA font2. With this
softwareandfont,wecangeneratethetext imageof the
term. Then,we measurethe lengthsof termsby using
the generatedimages. In order to calculatescoreij ,
we useda tool called GETA3 for large-scaletext re-
trieval. We usedSearchAPI of Yahoo!JAPAN4 to col-
lectsearchresultsof (1) relatedterms;(2) URLs,titles,
andsummaries;and (3) web pages. An actualappli-
cationof theproposedmethodin a mobilewebsearch
systemhasbeendemonstratedin [6].

Figure3: Lengthof termson thescreen

4 Experiment
We comparethe proposedalgorithm with two other
clustering algorithms— complete-link clustering
(CLINK) and single-link clustering (SLINK). These
algorithms are widely used conventional algorithms
and have beendescribedin detail in [7]. While our
algorithm considersboth lengthsand co-occurrences
of terms,theseconventionalalgorithmsconsideronly
co-occurrencesof terms.

1http://www.graphviz.org/
2http://ossipedia.ipa.go.jp/ipafont/
3http://geta.ex.nii.ac.jp/e/
4http://developer.yahoo.co.jp/



Figure4: Accessiblewebpagesfor differenttermsonscreen

The namesof major placesin Tokyo wereusedas
queriesin theexperiment.For eachquery, 100related
termsand10,000webpageswereobtained.Termclus-
tersthat �t in a rectangularregion of 160� 160pixels
weregeneratedusingthe16-pixel proportionalfont. In
theexperiment,theparametersof CLINK andSLINK
wereadjustedto generateasmany clustersaspossible
with eachclusterhaving two or moreterms.

4.1 Ar eaOccupiedon Screen
Oneof thekey featuresof theproposedmethodis that
it takesinto considerationthetermlengths,therebyop-
timizing the useof screenspace.We investigatedthe
total length`s of the clustersfor eachqueryandthen
calculatedtheratio of thetotal length` s of theclusters
to the total length` r of the lines in the rectangularre-
gion. In Figure3, we canobservethatthetermclusters
generatedby using the proposedalgorithm occupy a
larger areaon the screenas comparedto SLINK and
CLINK. Hence,the proposedalgorithmis considered
to providemoreinformationthanothers.

4.2 Ef�ciency of WebSearch
Anotherkey featureof theproposedmethodis its high
searchef�ciency. In Figure 4, “AND” indicatesthe
conditionthatthewebpagesincludetwo or moreterms
in the clusters,e.g.,((restaurantAND sushi)or (sushi
AND tempura)or (tempuraAND restaurant)).Further,
“OR” indicatestheconditionthatthewebpagesinclude
oneor moretermsin theclusters,e.g.,(restaurantOR
sushiOR tempura). The proposedalgorithm enables
usersto obtaindesiredpagesmoreef�ciently thancon-
ventionalalgorithms.

5 Conclusion
We have proposeda new clusteringmethodthat en-
ablesef�cient term clusteringin a mobile web search.
In theproposedmethod,a setof primitive clustersare
generatedon the basisof the co-occurrencesof terms.
Then, the clustersare alteredon the basisof the co-
occurrencesandlengthsof terms. Finally, theclusters
areevaluatedandadjustedonthebasisof thelengthsof
terms.Termclustersobtainedby theproposedmethod
effectively useasmallrectangularregiononthescreen.
Hence,theclustersareinformativeandcanaid mobile
usersto searchdocumentsef�ciently . In thefuture,we
intendto apply the proposedmethodto variousinfor-
mationretrieval systems.
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