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Abstract

The recentlyintroducedInformation Bottleneck method[21] provides an information theoreticframework, for extracting
featuresof onevariable,thatarerelevantfor thevaluesof anothervariable.Severalpreviousworksalreadysuggestedapplying
this methodfor documentclustering,geneexpressiondataanalysis,spectralanalysisandmore. In this work we presenta
novel implementationof this methodfor supervisedtext classi�cation. Speci�cally, we apply the informationbottleneck
methodto �nd word-clustersthatpreserve the informationaboutdocumentcategoriesandusetheseclustersasfeaturesfor
classi�cation. Previouswork [1] useda similar clusteringprocedureto show thatword-clusterscansigni�cantly reducethe
featurespacedimensionality, with only a minorchangein classi�cationaccuracy. In this work we presentsimilar resultsand
go further to show that whenthe training sampleis small word clusterscanyield signi�cant improvementin classi�cation
accuracy (up to

�����

) over theperformanceusingthewordsdirectly.

1 Intr oduction

Automaticclassi�cationof documentsis anincreasinglyimportanttool for handlingtheexponentialgrowth in availableon-
line texts. Many algorithmshavebeensuggestedfor this taskin thepastfew years(e.g.[8] [9] [11] [15]). Themostcommon
approachesstartby evaluatingtheco-occurrencematrixof wordsversusdocuments,givendocumenttrainingdata. � It is well
known, however, thatsuchcountmatricestendto behighly sparseandnoisy, especiallywhenthe trainingdatais relatively
small. As a result,documentsareusuallyrepresentedin a high-dimensionalsparsefeaturespace,which is far from optimal
for classi�cationalgorithms.A standardprocedureto reducefeaturedimensionalityis featureselection. In this approachone
selectsa subsetof words,usingsomepre-de�nedcriterion,andusesonly theselectedwordsasfeaturesfor theclassi�cation
(seee.g. [22]). LatentSemanticIndexing [3] andprobabilisticLSI [6] areothermethodsfor dimensionalityreductionin
informationretrieval tasks.

An alternative approachis to reducefeaturedimensionalityby grouping“similar” wordsinto a muchsmallernumberof
word-clusters,andusetheseclustersasfeatures.The crucial stagein suchproceduresis how to determinethe “similarity”
of words.UsingtherecentlyintroducedInformationBottleneck (IB) method[21], we show thatonecangive this questiona
formaloptimalsolutionthatleanspurelyon informationtheoreticalconsiderations.

TheIB methodis basedon thefollowing simpleidea.Giventheempiricaljoint distributionof two variables,onevariable
is compressedsothat themutualinformationabouttheothervariableis preservedasmuchaspossible.Themethodcanbe
consideredas�nding a minimalsuf�cient partition or ef�cient relevantcodingof onevariablewith respectto theotherone.

Several applicationsalreadyimplementedthis methodfor a variety of tasks,including geneexpressiondataanalysis
[20], classi�cationof galaxiesby their spectralproperties[19] andunsuperviseddocumentclustering[17] [18]. In thelatter,
the two variablescorrespondto the setof documentsandthe setof words. In the �rst stageword-clusters that capturethe
informationaboutthesetof documentsareextractedasfeatures,andin thesecondstagethesefeaturesareusedfor clustering
thedocumentsin an unsupervisedmanner. The empiricalresultsclearly showed that this representationof the documents,
signi�cantly improvedtheaccuracy of unsuperviseddocumentclassi�cation.

A naturalquestionarisingfrom thatwork is whetherusingthewordclusterscanprovideanimprovementin classi�cation
accuracy in a supervisedscenario,whenthedocumentlabels(i.e. topics)areknown andused.Therefore,in thesupervised
caseanadditionalvariableis known, thedocumentscategories.Sincethetext classi�cationtaskis to predictthisvariablefor

�

Hereafter, weusetheterm“word” for amaximalstringof non-blankcharacters.
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new, unlabeled,documents,theword clustersshouldclearlypreserve the informationaboutthis relevantcategory variable.
Thus,theprocedureis rathersimple. First, �nd word-clustersthatpreserve the informationaboutthecategoriesasmuchas
possible.Then,usetheseclustersto representthedocumentsin a new, low-dimensional,featurespace.In this spacewe now
usea supervisedclassi�cationalgorithmto predictthecategoriesof new documents.

Previouswork byBakerandMcCallum[1] usedasimilarapproachfor classi�cationof documentsbasedonword-clusters.
Speci�cally, it wasshown therethatword-clusteringcanbeusedto signi�cantly reducethefeaturedimensionalitywith only
a small changein classi�cation performance.In this work we start by achieving similar results,using the IB framework
which is bettertheoreticallyfoundedprocedure.Themotivationis to understandwhy our strongunsupervisedresultsdo not
appearin thesupervisedcase.Are theresituationswherethis featureextractionprocedureyieldssigni�cant improvementin
supervisedclassi�cationperformance?

A possibleanswerarisesfrom the fact that word-clustersstatisticsis muchmorerobust thanthe original sparseword
statistics.Therefore,whenword statisticsis relatively hardto estimate,theadvantageof using(robust)word-clustersmight
appear. Speci�cally, this situationis emphasizedwhenthe amountof labeledtraining documentsis small. Sincelabeling
documentsby their category is an expensive process,in many practicalsituationsthe amountof labeleddatais indeedfar
frombeingsatisfactory. Ourexperimentssuggestthatin suchsituationsusingword-clustersleadsto asigni�cant improvement
in classi�cationaccuracy, up to ����� , overusingjust thewordsasfeatures.

2 The Inf ormation BottleneckMethod

Most clusteringalgorithmsstarteither from pairwise`distances'betweenpoints (pairwiseclustering)or with a distortion
measurebetweena datapoint andaclasscentroid(vectorquantization).Giventhedistancematrix or thedistortionmeasure,
the clusteringtask canbe adaptedin variousways into an optimizationproblemconsistingof �nding a small numberof
classeswith low intraclassdistortionor with high intraclassconnectivity. The main problemwith this approachis in the
choiceof thedistanceor distortionmeasures.Oftenthis is anarbitrarychoice,sensitive to thespeci�c representation,which
mayre�ect inaccuratelythestructureof thevariouscomponentsin thehighdimensionaldata.

In ourcontext, anaturalmeasureof similarity of two wordsis thesimilarity betweentheir joint distributionswith thetopic
variable.Speci�cally, let � bethesetof wordsandlet � bethesetof topics(i.e. documentcategories),thenfor everyword
andeverycategorywecande�ne

�

�
	���
������ �

	���
����

�����������
���

�

	���
 ���


 (1)

where
�

	���
 �!� is the numberof occurrencesof the word � in the category � . To calculate
�

	��"
 ��� , we simply sum the
occurrencesof theword � in all training documentsthatbelongto category � . Thus,denotingthis documentsetby #

�

, we
get,

�

	���
 ���$�&%

'

��(*)

�

	�+,
 ���-
 (2)

where
�

	�+.
���� is thenumberof occurrencesof theword � in thedocument+ .
Roughlyspeaking,we would like wordswith similar distributionsover thecategoriesto belongto thesamecluster. As

alreadymentionedin [1], theintuition is rathersimple.If two differentwordshavesimilardistributionsover theclasses,they
will playasimilar role in theclassi�cationprocess,andthusmightaswell beclusteredtogether.

This formulationof �nding a clusterhierarchyof themembersof oneset(e.g. words),basedon the similarity of their
conditionaldistributionsw.r.t themembersof anotherset(e.g.categories),was�rst introducedin [14] andwascalled“distri-
butionalclustering”.

The issueof selectingthe `right' distancemeasurebetweendistributions remains,however, unresolved in that earlier
work. Recently, Tishby, Pereira,andBialek [21] proposeda principledapproachto this problem,which avoidsthearbitrary
choiceof a distortionor a distancemeasures.In this new approach,given the empirical joint distribution of two random
variables�/	�01
�23� , onelooks for a compactrepresentationof 4 , which preservesasmuchinformationaspossibleaboutthe
relevantvariable5 . Thissimpleintuitiveideahasanaturalinformationtheoreticformulation:�nd clustersof themembersof
theset 4 , denotedhereby 64 , such that themutualinformation 7

	

6498:5

� is maximized,undera constraint ontheinformation
extractedfrom 4 , 7

	

64;8 4

� .
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Themutualinformation, 7

	

498:5

� , betweentherandomvariables4 and 5 is givenby thesymmetricfunctional(e.g.[2])

7
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�/	 2 �


 (3)

andis theonly consistentstatisticalmeasureof the informationthatvariable 4 containsaboutvariable 5 (andvice versa).
The compactnessof the representationis determinedby 7

	

6498�4

� , while the quality of the clusters,
64 , is measuredby the

fraction of the information they captureabout 5 , namely, 7

	

6498�5

���

7

	

498:5

� . Perhapssurprisingly, this generalproblem
hasan exact optimal formal solutionwithout any assumptionaboutthe origin of the joint distribution �/	�01
 2 � [21]. This
solution is given in termsof the threedistributions that characterizeevery cluster

6

0��

64 : the prior probability for this
cluster, �
	

6

0 � , its membershipprobabilities�
	

6

0�� 0 � , and its distribution over the relevancevariable,�
	 2��

6

0 � . In general,the
membershipprobabilities, �/	

6

0�� 0 � , are “soft”, i.e. every 0��

4 can be assignedto every
6

0��

64 in some(normalized)
probability. The informationbottleneckprinciple determinesthe distortionmeasurebetweenthe points 0 and

6

0 to be the
#������

�
	 2�� 0 ��� �/	 2��

6

0 � � �

�

�
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%$'&
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$'&

�)(-,

�.*

, the Kullback-Leiblerdivergence[2] betweenthe conditionaldistributions
�/	�2�� 0 � and �/	�2��

6

0 � . Speci�cally, the formal optimal solution is given by the following equationswhich must be solved
together,
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(4)

where?

	@< 
�0 � is anormalizationfactor, andthesinglepositive(Lagrange)parameter< determinesthe“softness”of theclas-
si�cation. Intuitively, in thisproceduretheinformationcontainedin 4 about5 is `squeezed'throughacompact̀ bottleneck'
of clusters 64 , that is forcedto representthe `relevant' part in 4 w.r.t. to 5 . In our context, this meansthat in principlewe
may�nd wordclusters,denotedby 6� , thattry to maximizetheamountof informationpreservedaboutthecategories,� .

3 The Agglomerative Inf ormation BottleneckAlgorithm

As hasbeenshown in [16] [18], thereis a simple implementationof the informationbottleneckmethod,restrictedto the
caseof “hard” clusters. In this caseevery word �A�

� belongsto preciselyonecluster
6

�B�

6
� . This restriction,which

correspondsto the limit <DCFE in Eqs. (4), yields a naturaldistancemeasurebetweendistributionswhich canbe easily
implementedin anagglomerativehierarchicalclusteringprocedure.

Let
6

�G�

6� denotea speci�c (hard)cluster, thenfollowing [18] wede�ne,

/0
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0

0

0

0

1

0

0

0

0

0
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6

�H� ������I

� if �G�

6

�

J

otherwise

�
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6

�!� �

�

$'&

,

�

*

�
�
�

,

�

�/	��"
 ���

�
	

6

�!� �

� �
�

,

�

�/	�����K

(5)

Using thesedistributionsonecaneasilyevaluatethe mutual informationbetweenthe setof word clusters 6� and � using
Eq.(3). L . Thegeneralframework appliedhereis anagglomerativegreedyhierarchicalclusteringalgorithm. Thealgorithm
startswith a trivial partitioninginto �

�

� singletonclusters,whereeachclustercontainsexactly oneelementof � . At each
stepwe merge two componentsof thecurrentpartitioninto a singlenew componentin a way thatlocally minimizestheloss
of mutualinformationaboutthecategories,given in 7

	

6
� 8 �

� . Every merger, 	

6

�NM

6

�PO��RQ

6

�TS , is formally de�ned by the
U

In principle, theoptimalclusteringsolutionis “soft”, which meansthateachword might beassignedto morethanonecluster, with somenormalized
probability. Takinginto accountnaturallanguageproperties(e.g.wordsdisambiguation),it seemsnaturalto applythis approachin our context, andindeed
severalalgorithmsexist whichdirectlysolve theoptimalequationsgivenin Eqs.(4) [14] [16]. However, preliminarytestsshowedthatusingthesealgorithms
usuallytendto producesimilar results,thusfor thesake of simplicity, in this work we focuson thesimple“hard” clusteringalgorithm
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following equations
/0

0

0

0

0

0

1

0

0

0

0

0

02

�
	

6

�TS � ���$� I

� if �G�

6

��M or �D�

6

� O

J

otherwise

�
	����

6

�TS � � $'&

,

�

�

*

$'&

,

�

�

*

�/	����

6

��M ���

$'&

,

���

*

$>&

,

�

�

*

�
	����

6

� O �

�
	

6

� S � � �
	

6

� M ��� �
	

6

� O � K

(6)

Thedecreasein themutualinformation7

	

6� 8:�

� dueto thismergerisde�nedby ��7

	

6

�NM�


6
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6����
�������
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�8:
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6��������
�� 8:�

� ,
where 7

	

6����
�������
�8 �

� and 7

	

6��������
���8 �

� aretheinformationvaluesbeforeandafterthemerger, respectively. After a little
algebra[17] onecanseethat
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wherethefunctional #&"%$ is theJensen-Shannon( '�( ) divergence(see[13] [4]) de�ned as
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#������

�6M��

�

� �,�-*"O

#������

�"O��

�

� � 
 (8)

wherein ourcase
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(9)

The '�( -divergenceis non-negativeandequalszeroif andonly if bothargumentsareidentical.It is upperbounded(by � ) and
symmetricthoughit is not a metric. Notethatthe“mergercost”, ��7

	

6

� M 


6

�PO�� , cannow beinterpretedasthemultiplication
of the`weight' of themergedelements, �/	

6

�NM ��� �/	

6

� O�� , by their `distance', #
"%$

�

�/	����

6

� M � 
��/	����

6

� O � � .

By introducingtheinformationoptimizationcriteriontheresultingsimilarity measuredirectlyemergesfrom theanalysis.
The algorithmis now very simple. At eachstepwe perform“the bestpossiblemerger”, i.e. merge the clusters

.

6

�
M




6

�
O0/

whichminimize ��7

	

6

�
M




6

�
O

� . In �gure 1 we providethepseudocodeof this agglomerativeprocedure.

4 The NaiveBayesClassi�er

Wenow turn to describetheclassi�cationalgorithmusedin thiswork. TheNaiveBayesclassi�er inducesawell known clas-
si�cation framework, with rich empiricalsupportin thecontext of documentclassi�cation(e.g.[1] [7] [10] [22]). Moreover,
it is a relatively simpleprocedure,which allows for a detailedanalysisof theeffect of usingword-clustersinsteadof words
asfeatures.Therefore,in thiswork wepreferto concentrateonusingthenaiveBayesclassi�er, andleavethecombinationof
moresophisticatedclassi�cationalgorithmswith theIB methodfor futurework.

Let 1

�

.

+

�


:+

L


�K�K#K 
�+

( 2�(

/ denotethesetof trainingdocuments,whereeachdocumentis labeledwith oneof thecategories
in 3

�

.

�

�


��

L


�K�K�K 
:�

( 4"(

/ . Givensomenew document,ourgoalis to estimatetheconditionalprobabilityof eachcategory. Using
Bayesrule,we know thatin general,

�
	���� +��$�

�/	�+6� �-� �/	�� �

�
	�+ �

K (10)

Sinceweareonly interestedin therelativeorderof thecategoriesprobabilities(given + ), andby de�nition, �
	�+ � is independent
of � , wecanfocuson:

�
	���� +��65 �/	�+6� �-� �/	�� � K (11)

Withoutapproximation,if wedenotetheorderedsequenceof wordsthatcomposethedocument+ by +#	

.

�

�
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 �
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/ ,
we canwrite
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	�+ � �-�$�87
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M:9
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�/	��
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L
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M�;
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��-�8K (12)

23rdEuropeanColloquiumon InformationRetrieval Research,2001 4



The Power of Word Clusters for Text Classi�cation

Input: Jointprobabilitydistribution �/	���
 ���

Output: A partitionof � into � clusters,
�

�
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K#K�K �
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� /

Initialization:
� Construct 6�
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� , calculate
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� O �=�

Loop:
� For �

� �

�

�):

�

K#K�K

�

– Find theindices
.
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�� / for which +
M

�

O is minimized

– Merge
.

6

� M 


6

� O)/ Q

6

� S

– Update 6�

�

.

6�

:

.

6

��M 


6

� O /)/
	

.

6

�TS /

– Update+ M

�

O costsw.r.t.
6

� S

� EndFor

Figure1: Pseudo-codeof theagglomerativeinformationbottleneckalgorithm.

However, usingthenaiveBayesassumption,weassumethattheprobabilityof eachword in adocumentis independentof its
context. More formally stated,we usethefollowing approximation(“bagof words” model),

�
	 ��M�� �

�


��

L


.K#K�K 
���M ;

�


:�-� � �
	 ��M�� �-� 
 (13)

suchthat,
�
	�+ � �-�$�87

( '>(

M:9

�

�/	�� M � �-�8K (14)

Thus,to estimate�
	���� +�� , all we needis to estimate�/	�� � � � and �
	��-� , for all words ���

� andfor all categories ���

� . As
donein previousworksweusethefollowing estimators:
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where
�

	�+.
:�-� is the numberof training documentsin the category � . The conditionalprobabilitiesof the words in � is
estimatedby

�
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 (16)

where
�

	���
 �!� is de�ned in Eq. (2). � Usingtheseestimatorsandtheaboveequations,we cannow estimate,
�
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�

�1	 �
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�� �9
 (17)

andclassify + into themostprobableclass.

4.1 Using the IB word-clusters for classi�cation

Theaboveprocedureis simply translatedinto usingword-clustersinsteadof wordsto representthedocuments.All we need
is to replaceEq. (16)with thefollowing estimation,

�
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,
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,
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 (18)

�

To avoid zeroprobabilities,weusedastandardpre-processingof adding
�� � to each���������
� .

23rdEuropeanColloquiumon InformationRetrieval Research,2001 5



The Power of Word Clusters for Text Classi�cation

where
�

	���


6

�!� is naturallyde�ned by,
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�����K (19)

Having donethat,we cannow seemoreformally the intuition behindusingword-clustersasfeatures.Underthewords
representation,we �nally usedEq. (17) to determineto which class + shouldbe assignedto. Under the word-clusters
representation,weuse

�
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	���� +��65+7
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for the samepurpose. Therefore,if for example,we have two wordswith identicaldistributionsover the categories,i.e.
�

�/	���M 
:�-� �

�

�
	 � O�
�� �

�

� �

3 , thanthesewordsareobviouslyclusteredwith no lossof information(Eq. (7)). Denotingthenew
clusterby

6

�TS , from themergingprocessde�ned in Eqs.(6), we getthat
�

�
	

6

�RS�
��-���

�

�/	���M 
:�-���

�

�1	 � O 
:�-�

�

� �

3 . Thus,using

6

�TS insteadof ��M and � O will have no effect on theclassi�cationprocess(but will reducethe featurespacedimensionality).
In a lessextremecase,wherethe word distributionsare just approximatelysimilar, i.e.

�

�1	�� M:
:�-���

�

�1	 � O 
:�-�

�

� �

3 , the
algorithmwill still tendto clusterthem(sincethis mergerwill causea relatively small lossof information).However, in this
casewe will get that

�

�1	

6

� S 
:�-� is a weightedaverageof
�

�/	�� M 
:�-� and
�

�
	 � O 
:�-� . The estimationof this averageis of course
morerobust.Thusin somecases,it mightevengainanimprovementin performance.Speci�cally, we maypredictthatwhen
theestimationof

�

�/	 � 
��-� is relatively poor, usingtheIB word-clustersmight resultin improving classi�cationaccuracy. Our
experiments,describedin thenext sections,stronglysupportthisprediction.

WealsonoticethattheIB clusteringproceduredescribedin section
�

, hasa“built-in” property, thatincreasetheprobability
of clustering�rst wordswith a relatively poorestimationof

�

�/	�� 
�� � . Speci�cally, this effect is dueto theprior factorin Eq.
(7). Thus,merging wordswith smallpriors,will usuallycausea smallerdecreasein the informationabout 3 , thanmerging
wordswith relatively high priorsandbetterestimationsof

�

�
	 � 
:�-� .

5 The Experimental Design

In this sectionwe describeour experimentsandthedatasetsusedin theseexperiments.All of thedatasetsusedin this work
arebasedonastandardIR corpus,the �

J����

�	��

��������� corpus.

5.1 The datasets

The �

J����

����
������ ��� corpuscollectedby Lang[9] containsabout �

J




J�J�J

articlesevenly distributedamong �

J

UseNetdis-
cussiongroups.This naturallanguagecorpusis usuallyemployedfor evaluatingtext classi�cationtechniques(e.g. [1] [15]
[17]). Many of thesegroupshavesimilar topics(e.g.� ve groupsdiscussdifferentissuesconcerningcomputers).In addition,
aspointedout by SchapireandSinger[15] about �

K �

� of thedocumentsin this corpusarepresentin morethanonegroup
(sincepeopletendto postarticlesto multiple newsgroups).Therefore,the classi�cation taskis typically hard,andsuffers
from inherentnoise,while trying to estimatetherelevantprobabilities.

For our testswe used � differentsubsetschosenfrom this corpus,describedin table � . Additionally, we checked the
classi�cationoverthewholecorpus.Ourpre-processingincludedignoringall �le headers,loweringtheuppercasecharacters,
replacingdigits with a specialcharacterandall nonalpha-numericcharacterswith anotherspecialcharacter. We did not use
a stop-listor any stemmingprocedure,but ignoredall wordswith only oneoccurrence.

5.2 Experimental procedure

Our main interestis in comparingperformanceof usingwordsvs. usingword-clustersas features. Additionally, we are
concernedwith how this comparisonis effectedby thesizeof thetrainingset(i.e. thesamplesize).Thesegoalsinducefour
scenariosfor comparison:

� Test1: usinga largesampletrainingsetandthewordsasfeatures.
� Test2: usinga largesampletrainingsetandword-clusters asfeatures.
� Test3: usinga small sampletrainingsetandthewordsasfeatures.
� Test4: usinga small sampletrainingsetandword-clustersasfeatures.
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Dataset Newsgroups � documents Vocabulary
included size

�

J����

ALL ���




����� �����




�

J

�

�

J	��


(

�

alt.atheism,comp.sys.mac.hardware,misc.forsale,rec.autos,rec.sport.hockey �

J




J�J�J

�

�3


���

�

sci.crypt,sci.electronics,sci.med,sci.space,talk.politics.gun.

�
�
��� comp.graphics,comp.windows.x,comp.sys.mac.hardware �3


J�J�J �

�3
 �

�

�

comp.os.ms-windows.misc,comp.sys.ibm.pc.hardware.

( � 7


 �

�




sci.crypt,sci.electronics, �




J�J�J �

�




�

J

�

sci.med,sci.space.

������7

�

7 � ( talk.politics.mideast,talk.politics.guns
�




J�J�J �

� 


�

�

�

talk.politics.misc.

�




��7

�

7��

�

alt.atheism,talk.religion.misc �




�	��� �	�




�	���

soc.religion.christian.

(����

�

�

rec.sport.baseball �




J�J�J

� �




���

J

rec.sport.hockey.

Table1: Datasetsdetails.

For eachdatasetwerandomlysplit thedocumentsinto two equalsets,andusedoneasthetraining-setfor Test1andTest2.
Thus,wehadapproximately�

J�J

trainingdocumentsfor eachcategory. Then,wetookarandomsampleof �

� of thetraining
documents,andusedthemassmallsampletrainingsetw.r.t to thesametestdocuments,for thescenariosdescribedin Test3
andTest4. In thesecases,thus,we hadapproximately�

� trainingdocumentspercategory. We repeatedthis process�

J

times
(for every dataset),wherein eachiterationwe usedan initial differentrandompartitionof thedocumentsinto trainingand
testsets.

Classi�cation accuracy in eachtest (i.e. the percentageof the test documentsthat were correctlyclassi�ed), wasas-
sessedas a function of the numberof featuresused,denotedhereby

�

. For Test1and Test3, we sortedall words by
the contribution to the mutual information aboutthe category variable. More formally, we sortedall words by 7

	 �!� 	

�

�/	����

�
�����

�

�1	���� ���"	#��
�� $)&

�

(

�

*

�$'&

�

*

, andusedthesubsetof thetop
�

“informative” wordsfor theclassi�cation,where �

���

�

�

�

J�J�J

. Note,however, that for this sortingwe obviously usedonly the training documents(while estimating�/	�� 
��-� ). To
avoid too high complexity, in Test2andTest4we only clusteredthesametop �

J�J�J

mostinformative words. We produced
similar curvesfor theseteststoo,where

�

now determinesthenumberof IB word-clustersusedasfeatures,andrangesfrom
�

� to �

�

J

. In addition,wecheckedtheperformancewhile usingall words,i.e. thefull vocabulary.

6 Experimental Results

In �gure 2 we presentthe resultsaveragedover the �

J

iterationsfor eachof the datasets.The resultsfor the large sample
case,wherewe usedapproximately�

J�J

documentsper category for training (Test1and Test2), are similar to the results
presentedin [1]. Speci�cally, we seethat in all datasets,we can usea rathersmall numberof word-clustersto achieve
a similar performanceto that of usingall the words. For example,in the (����

�

�

dataset,we reducethe featurespace
dimensionalityby

�

ordersof magnitude(from approximately�

J




J�J�J

wordsto �

� word-clusters),while keepingthesame
classi�cationaccuracy, of

J

K

�

� . However, in all datasetswe seethatwhenthesamplesizeis large,usingword-clustersdoes
not signi�cantly improveclassi�cationperformance.

Nevertheless,theresultsfor thesmallsamplecaseareratherdifferent.In Test3andTest4, wehaveonly about�

� training
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documentsper category. In all our datasetswe clearly seethat in this caseusingword-clustersinsteadof words,yields a
signi�cant improvementin classi�cationaccuracy, between�

� to ����� , whenaveragingover the �

J

iterations(seetable � ).
For example,in the �

J�� �

dataset,usingonly �

J

word-clustersalreadyyields signi�cant improvementover the optimal
performancewhile usingwords. Additionally, we seethat in mostdatasets,the performanceusingword-clustersis much
morerobustacrossdifferentiterationsthantheperformanceusingthewords(seeerrorbarsin �gure 2). It is alsointeresting
to notethat in thesmall samplecase,usingthe full vocabulary alwaysdecreasesthe performancerelatively to usingjust a
smallsubsetof themostinformativewords(probablydueto over�tting effects).

Dataset Max Acc. Words Max Acc. Clusters impr ovement

�

J���� J

K

�

���

J

K

���
� �

� K

� �

�

J	��


(

� J

K �

�

J

K

� � � � �

K

�3�

�
�
���

J

K

� �

� J

K �

J

� �

K

� �

( � 7


 �

�


 J

K

�

�

J

K

� �

�

���

K �

�

������7

�

7 � (

J

K

���

J

K

��� �

K

� �

�




��7

�

7��

� J

K �

�

�

J

K ���

�

�"K

�

�

(����

�

� J

K

� �

�

J

K

���

�

�

K

���

Table2: Comparisonof maximumaccuracy (averagedover �

J

iterations)in thesmall samplesize,for usingwords(Test3)
vs. usingword-clusters(Test4).

6.1 Inf ormation curves

TheIB framework alsoprovidesa “built-in” measurefor evaluatingclustersquality. Naturally, this is givenby theamountof
informationpreservedbetweentheword-clustersandthecategories,i.e. 7

	

6� 8:�

� . It is well known thatthis informationcan
only decreaseduringthemergingprocess(e.g.[2], page

�

� ). However, by usingthe(greedy)agglomerativeIB algorithm,we
try to preservethis informationashighaspossiblefor everynumberof clusters.Thus,wecanview theamountof information
preservedasa functionof thenumberof clusters,�

6
�

� . Additionally, we canexaminethefractionof preservedinformation,

i.e.
�

&

,

�

�

�

*

�

&

�

�

�

*

to learnhow well thewordsarecompressedinto clusters.In �gure 3 wepresentthesetwo curvesfor the �

J ��


(

�

dataset(for all �

J

iterations)in boththe largeandthesmallsamplecases.For thelargesamplecase(Test2), we seethat the
variationbetweendifferentiterationsis relatively small. Also, we seethat in lessthan �

J

clusters(a reductionof � ordersof
magnitude),about �

�

� of theoriginal informationis preserved(left �gure). For thesmallsamplecase(Test4), ascouldbe
expected,we seea muchlargervariationin theinformationcurvesoverdifferentiterations.However, we still seethatin less
than �

J

clusterswepreservearound�

J

� of theoriginal information.Lookingatabsolutevaluesof information(right �gure),
we seethat for thesmallsamplescenario,thereis seeminglymuchmoreinformationto begin with thanin the largesample
case.This phenomena,which wasevident in all our datasets,is dueto thepoor statisticsin thesmall samplecase,where
theco-occurrencematrix of thewordsvs. thecategoriesis muchmoresparse.In otherwords,mostof this “information” is
effectively anartifactdueto thenon-accurateestimatesof thejoint probability �/	���
 ��� .

6.2 Word-clustersexamples

To gainsomeadditionalintuition abouttheclusteringprocess,in thissub-sectionwepresentsomeexamplesof word-clusters
extractedby theagglomerativeIB algorithmfor the ( � 7


 �

�




dataset.For thelargesamplecasewe randomlychosehalf
of the documentsandfor the small samplecasewe took �

� of this half (i.e. about �

� documentsper category). In both
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Figure2: Averagedresultsfor all datasets.Thehorizontalaxiscorresponds
to the numberof words/word-clustersusedin the classi�cation(in a semi-
logarithmicscale). The vertical axis indicatesthe percentageof testdoc-
umentsthat were correctly classi�ed. For eachdataset, the upper�gure
correspondto the largesamplecase(Test1andTest2), andthe lower �gure
to thesmallsamplecase(Test3andTest4). Theerrorbarsrepresentstandard
deviationacrossthe �

J

differentiterations.
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Figure3: Left: Normalizedinformationcurvesfor all �

J

iterationsin large andsmall samplesizesover the 10TESTdata.

Horizontalaxis is thenumberof word clusters(in a semi-logarithmicscale)andverticalaxiscorrespondto
�
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. Right:
Absolute information curves for the sameruns. Horizontal axis is the sameas in left �gure, but the vertical axis now
correspondto theabsoluteamountof informationpreservedby thw word-clusters,i.e. 7

	

6� 8:�

� .

caseswe found the �

J�J�J

most informative words(w.r.t. the categories),andclusteredthemwhile trying to maximizethe
informationpreservedaboutthecategories.In bothcasesweseethat �

� word-clusterspreservemorethan �

J

� of theoriginal
information. In table

�

we give someexamplesof theextractedclusters.Eachof theseclustersis representedby �

J

words
(randomlychosen).Roughlyspeaking,wecanseethatindeedwordswith semanticsimilarity areclusteredtogether, notonly
in thelargesamplecase,but alsowhenthesamplesizeis verysmall. “Neutral” words,thathavenoclearcorrelationwith one
of thecategories,alsotendto beclusteredtogether.

Cluster Lar gesample Small sample

6

�

�

space�ight missionnasashuttle spacecommandspacecraftvlbi jsA
moonsatellitecommandamessolar... lunarmissiongroundAbasedsmithbursts...

6

�

L

encryptionencryptionApgpqA feds key bearencryptionclipperDDAbit
fbi secretAprivacy securitytrust... algorithmescrow securitynsaAADA ...

6

�

�

patientscancermsgcandidahiv jlA medicinehomeopathyosteopathiceye
yeastinfectionhicnetkidney chronic... mediocremoderndiseaseAdiseaseepilepsy...

6

��� circuit ampplasticDk panelA trustchipdevicediskscheme
voltagecircuitA rf outletconductorA... telephonenecessarysecuredoA else...

6

��� a it is with do i in oneany make
areor goodoneif ... just arewhatcanarticle...

Table3: Clustersexamplesfor the ( � 7


 �

�




dataset,for the large andsmall samplesizecases.Clusterswerechosen
while �

6

�

� �

�

� , and from eachcluster �

J

members(randomlychosen)are presented.Note in our pre-processingnon
alpha-numericcharacterswerereplacedby 'A', digitswerereplacedby 'D', anduppercaseletterswerelowered.

7 Discussionand Further Work

We presenta novel implementationof theIB methodfor supervisedtext classi�cation. By �rst extractingword-clustersthat
maximizetheinformationaboutthecategoriesweobtainanew, robust,low dimensionalrepresentationof thedocuments.Our
experimentalresultsshow thatwhentheavailabletrainingdatais relatively small, this methodyieldsa signi�cant improve-
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mentin classi�cationaccuracy (morethan � � � in somecases),comparedto usingtheoriginal wordsasfeatures.Whenthe
trainingdatais large,wesigni�cantly reducefeaturedimensionality, with only aminorchangein classi�cationperformance.

Severalimportantissuesareleft for futurework:
� A formal analysisof theexperimentalresultsis required.Speci�cally, we would like to prove that“smart” dimensionality
reductiontechniquescanimprovethegeneralizationability whenthetrainingsamplesizeis small.

� In this work we useda rathersimple classi�cation algorithm, with low computationalcomplexity. More sophisticated
approachesusuallyhavehighercomplexity which in somecasesturn theminfeasiblein high featurespacedimension.Using
theIB dimensionalityreductionasa pre-processingcanturnsuchmorecomplex approachesto bemorepractical.

� When labeleddatais expensive, active learningand query techniquescan be appliedfor choosingspeci�c documents
for which we askfor the label (see[5]). Suchquerymethodscansigni�cantly reducetheamountof labeleddataneededto
train text classi�ers(seee.g.[12]). However, thestatisticsof labeleddocumentswhenusingthesemethodsis obviouslymuch
smaller. Combiningdimensionalityreductiontechniques,like theonedescribedin this work, with active learningmethods,
suchas“Queryby Committee(QBC)”, seemsverynaturalandwe arecurrentlyworking in thisdirection.
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