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Abstract

DNA arrayscanbeusedto measure theexpressionlev-
els of thousandsof genessimultaneously. Currently most
research focuseson the interpretation of the meaningof
thedata.However, majoritymethodsaresupervised-based,
lessattentionhas beenpaid on unsupervisedapproaches
which is importantwhendomainknowledge is incomplete
or hard to obtain.In thispaper, wepresenta newframework
for unsupervisedanalysisof geneexpressiondatawhich ap-
plies an interrelatedtwo-wayclusteringapproach on the
geneexpressionmatrices.Thegoal of clusteringis to find
importantgenepatternsand performclusterdiscovery on
samples.Theadvantageof thisapproach is thatwecandy-
namicallyusethe relationshipsbetweenthe groupsof the
genesandsampleswhile iterativelyclusteringthroughboth
gene-dimensionand sample-dimension.We illustrate the
methodon geneexpressiondata from a studyof multiple
sclerosispatients. Theexperimentsdemonstrate the effec-
tivenessof thisapproach.

1 Intr oduction

DNA microarraytechnologypermitsrapid, large-scale
screeningfor patternsof geneexpressionandgivesasimul-
taneous,semi-quantitative readoutson the level of expres-
sionof thousandsof genes[18, 15, 24, 27, 36, 20, 21, 8,30].
This new technologyalsogivesrise to a challenge:to in-
terpretthe meaningof this immenseamountof biological
information usually formattedin numericalmatrices. To
meetthe challenge,variousmethodshave beendeveloped
usingboth traditionalandinnovative techniquesto extract,
analyzeandvisualizegeneexpressiondatageneratedfrom
DNA microarrays.

A key stepin the analysisof geneexpressiondatais to
detectgroupsthatmanifestsimilarexpressionpatterns.Be-

sides,clusteringgeneexpressionwill reducecomplexity, fa-
cilitate interpretation,avoid redundancy andcurbthenoise.

Informationin geneexpressionmatricesis specialin that
it canbestudiedin two dimensions[2]: analyzingexpres-
sionprofilesof genesby comparingrows in theexpression
matrix [25, 23, 22, 3, 33, 10, 6, 26] andanalyzingexpres-
sionprofilesof samplesbycomparingcolumnsin thematrix
[11, 32, 9]. While mostresearchersfocusoneithergenedi-
mensionor sampledimension,in a few occasions,sample
clusteringhasbeencombinedwith geneclustering. Alon
et al. [34] have applieda partitioning-basedclusteringal-
gorithm to study 6500 genesof 40 tumor and 22 normal
colon tissuesfor clusteringboth genesandsamples.Getz
et al. [12] presenta methodappliedon colon cancerand
leukemiadataset. By identifying subsetsof thegenesand
samplessuchthat whenoneof theseis usedto clusterthe
other, stableandsignificantpartitionsemerge. They call it
coupledtwo-wayclustering.

Although many different methodsfor data clustering
havebeenproposed,two majorparadigmscanbeidentified:
supervisedclusteringandunsupervisedclustering.Thesu-
pervisedapproachassumesthat for some(or all) profiles
thereis additionalinformationattached,suchasfunctional
classesfor the genes,or diseased/normalattributesfor the
samples.Having this information,a typical taskis to build
a classifierto predictthelabelsfrom theexpressionprofile.
Brown et al. [23] have appliedvarioussupervisedlearn-
ing algorithmson six functionalclassesof yeastgenesus-
ing geneexpressionmatricesfrom 79samples.Golubet al.
[32] usedneighborhoodanalysisto constructclasspredic-
torsfor samples.They built aweightedvoteclassifierbased
on 38 trainingsamplesandappliedit on a collectionof 34
new samples.Hastieet al. [33] proposeda treeharvesting
methodfor supervisedlearningfrom geneexpressiondata
to discover genesthat have strongeffectson their own as
well asgenesthat interactwith others. Our grouphasde-
velopedamaximumentropy approachto classifygenearray
datasets[29]. We usedpart of pre-known classesof sam-



plesastrainingsetandappliedthemaximumentropy model
to generateanoptimalpatternmodelwhich canbeusedon
new samples.

Unsupervisedapproachesassumelittle or no prior
knowledge.Thegoalof suchapproachesis to partitionthe
setof samplesor genesinto statisticallymeaningfulclasses
[1]. A typical exampleof unsuperviseddataanalysisis to
find groupsof co-regulatedgenesor relatedsamples.Cur-
rently mostof theresearchfocuseson thesupervisedanal-
ysis,relatively lessattentionhasbeenpaidto unsupervised
approachesin geneexpressiondataanalysiswhichis impor-
tantwhendomainknowledgeis incompleteor hardto ob-
tain[31, 37]. Thehierarchical[22, 16, 5] andK-meansclus-
tering algorithms[14, 28] aswell asself-organizingmaps
[26] aremajorunsupervisedclusteringmethodswhichhave
appliedto variousgenearraydatasets.

In this paper, we presentan interrelatedtwo-way clus-
tering approachfor unsupervisedanalysisof geneexpres-
siondata.Unlikepreviouswork mentionedabove,in which
genesandsampleswereclusteredeither independentlyor
both dimensionsbeing reduced,our approachis to dy-
namicallyusethe relationshipsbetweenthe groupsof the
genesandsampleswhile iteratively clusteringthroughboth
gene-dimensionandsample-dimensionto extractimportant
genesandclassifysamplessimultaneously.

We have appliedthe methodto a dataset on multiple
sclerosispatientscollectedby the NeurologyandPharma-
ceuticalSciencesdepartmentsin our university (Multiple
sclerosis(MS) is achronic,relapsing,inflammatorydisease
andinterferon-� (IFN- � ) hasbeenthemostimportanttreat-
mentfor theMS diseasefor thelastdecade[35]). In partic-
ular, weperformclassdiscoveryonthehealthycontrol,MS
andIFN-treatedsamplesbasedon the datacollectedfrom
theDNA microarrayexperiments.Thegeneexpressionlev-
elsaremeasuredby theintensitylevelsof thecorresponding
arrayspots.Theexperimentsdemonstratetheeffectiveness
of thisapproach.

This paperis organizedasfollows. Section2 introduces
our approach.Section3 presentsthe experimentalresults
onmultiplesclerosisdataset.And finally, theconclusionis
providedin Section4.

2 Interr elatedTwo-wayClustering

2.1 Moti vation

Geneexpressiondataarematriceswhererows represent
genes,columnsrepresentsamplessuch as tissuesor ex-
perimentalconditions,andnumbersin eachcell character-
izesthe expressionlevel of a particulargenein a particu-
lar sample. Let �����	��

�	�������������	������������� be the set of all
genes,������� 
 ���������������	������� �"!#� be the set of all samples,
and $ �&% � betheintensityvalueassociatedwith eachgene� �

andsample�'� in thematrix. Thusthegeneexpressionma-
trix ()�*�	$ �&% ��+-,/.102.134��,5.768.:9;� has 3 rows (gene
vectors)and 9 columns(samplevectors).

Basedon the geneexpressionmatrix ( which usually
hasthousandsof rows andlessthana hundredof columns
( 3=<>9 ), a commonproblemis: canwe effectively cluster
the sampleswith similar propertiesusing the genesauto-
matically?

Note that for the unsupervisedanalysis, the previous
knowledgeand the training dataare not available. Also,
because3?<@9 , thedimensionof samplevectorsis much
higher than the numberof samples,it is very hard to get
good result by directly using traditional clusteringalgo-
rithms [14, 13] for classifyingsampleson sucha high di-
mensionalspace.

To achievebetterclassdiscoveryon samples,we should
first try to lower thevectorspaceinto arelatively smallone,
which meansreducethenumberof genes(equalsto thedi-
mensionof samplevectors)to asmallerdimensionandthen
performclustering. If the dimensionof samplevectorsis
still too large,we continueto reduceuntil it reachesa rea-
sonablelevel on which clusteringalgorithmscanwork ef-
fectively andefficiently. However, thedimensionreduction
is non-trivial.

In recognizingtheaboveproblems,weproposeageneral
framework for theunsupervisedgeneexpressiondataanal-
ysis. In this framework, aninterrelatedtwo-way clustering
approachaswell asa pre-processingprocedureis applied
onthegeneexpressionmatrix ( , andthegoalof clustering
is to find importantgenepatternsandto performclassdis-
coveryon samplessimultaneously. To bemorespecific,we
havetwo goals:

(1) Find a subsetof genes,usually called important
genes,which are highly relatedto the experimentcondi-
tions. This canalsobe consideredas the genedimension
reduction.

(2) Clusterthesamplesinto differentgroups.According
to themostpopularexperimentalplatforms,thenumberof
differentgroupsis usuallytwo, for example,diseasedsam-
plesandcontrolsamples.

Thesetwo goalsareactually two sidesof onecoin. If
wecanfind importantgenes,thenit is relatively easyto use
traditionalclusteringalgorithmsto clustersamplesbecause
the samplevectors’ dimensionis reducedto a reasonable
level (usuallyaround100). On the other hand,if we can
correctlyclusterthesamples,importantgenescanbefound
by sortingall genesusingsimilarity scoressuchascorrela-
tion coefficient[32, 4] with patternsaccordingto thecluster
results.

Oneof theadvantagesof ourapproachis thatwecandy-
namicallyusethe relationshipsbetweenthe groupsof the
genesandsampleswhile iteratively clusteringthroughboth
gene-dimensionandsample-dimension.In doing iterative



clustering,reducinggene-dimensionwill improve the ac-
curacy of classdiscovery, which in turn will guidefurther
gene-dimensionreduction.

2.2 Pre-processingof Data

In the geneexpressionmatrix, differentgeneshave dif-
ferentrangesof intensityvalues.Theintensityvaluesalone
may not have significantmeaning,but the relative values
aremoreintrinsic. Sowe first normalizethe original gene
intensityvaluesinto relativevalues[19, 38].

Our generalformulais

$2A�B% � � $C�&% �EDGF �F � �H$JILK"M�K F � � N !�PO 
 $ �B% �9 Q (1)

$ A�&% � denotesnormalizedintensityvaluefor gene0 of sample6 , $ �B% � representsthe original intensityvaluefor gene 0 of
sample6 , 9 is thenumberof samples,and F � is the mean
of theintensityvaluesfor gene0 overall samples.

Notice that amongthousandsof genes,not all of them
have the samecontribution in distinguishingthe classes.
Actually, somegeneshave little contribution. We needto
remove thosegeneswhich have little reactionto theexper-
iment condition. We believe geneswhoseintensityvalues
keepinvariantor changevery little belongto thisclass(Fig-
ure1 showsanexampleof genedistributions).
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Figure 1. Genes intensity value distrib utions
after normalization. Horizontal axis repre-
sents samples. Each pol ygonal line indicates
a gene changing level varies among samples.
The red-solid lines represent gene intensity
values whic h vary little thr ough all samples,
and the blue-dash lines represent gene inten-
sity values whic h vary much among samples.

Let’s assumewe have 3 genesand 9 samples.We de-

noteeachgenevector(afternormalization)as� � �SR&$ A�&% 
 ��$ A�B% T ������� $ A�&% !VU � (2)

where 0W�X,Y��Z[������� 3 for eachgene. We usevector-cosine
betweeneachgenevectoranda pre-definedstablepattern\

to testwhetherageneintensityvaluevariesmuchamong
samples.Thepatterncanbedenotedas

\ �SR]K�
��PK
T^�	����� K ! U ,
whereall K
� areequal.

_�`�a RBb U �dcfe����� e\hgi e� � ikj�i e\ i � N !�PO 
 $ A�&% �ml K��n N !�PO 
 $2o T�B% � l n N !�PO 
 K T� � (3)

where b is the anglebetweentwo vectors e��� and e\ in 9 -
dimensionalspace.If thetwo vectorpatternsaremoresim-
ilar, thevector-cosinewill becloserto , . Theextremecase
is thatwhentwo vectorsareparallel,thevector-cosinevalue
is , . On theotherhand,vector-cosinevalueof two perpen-
dicularvectorsis p . After calculatingvector-cosinevalues,
we canchoosea thresholdto remove genesmatchingpat-
tern

\
(thosegenes’vector-cosinevalueswith

\
arehigher

than the threshold,which meansthesegeneschangelittle
during the experiment).Usually we canremove twenty to
thirty percentof genesby thisstep,thusfacilitatingcluster-
ing in thenext stage.

2.3 Interr elatedTwo-way Clustering

To perform two-way clustering,a distancemeasureto
beusedduringtheclusteringprocedureshouldbecarefully
chosen.Onecommonlyuseddistanceis theEuclideandis-
tance. But for genedata,patterns’similarity seemsmore
importantthantheir spatialdistance[32, 4]. Sowe choose
correlationcoefficient [17] which measuresthestrengthof
the linear relationshipbetweentwo vectors. This measure
hasthe advantageof calculatingsimilarity dependingonly
on thepatternbut not on theabsolutemagnitudeof thespa-
tial vector. The formula of correlationcoefficient between
two vectorsqr�sRBt 
 �Pt T �	����� t�u U and vs�sRBw 
 ��w T ������� wYu U is:

x�y{z | � } R u~ � O 
 tL� l wY� U D R u~ � O 
 tL� U l R u~ � O 
 w�� U���� � } u~ � O 
 t T� D R u~ � O 
 t � U T�� � } u~ � O 
 w T� D R u~ � O 
 w � U T�� (4)

where
}

is thelengthof vector q and v .
Thenwe clustergenesaswell assamples.Dynamicre-

lationshipbetweengeneclusteringandsampleclusteringis
usedto reducethevectorspaceof samplesinto areasonable
level andperformclassdiscovery. Ourapproach,illustrated
in Figure3, is an iterative procedurebasedon � with 3 




genesafter pre-processing.Within eachiterationthereare
fivemainsteps:

Step1: clusteringin the genedimension. The task of
thisstepis to cluster3 
 genesinto

}
groups,denotedas � �

( ,V.?0�. }
), eachof which is anexclusivesubsetof � . The

clusteringmethodcanbeany methodfor whichwecangive
theclusternumber, suchasK-meansor SOM [13, 14].

Step2: clusteringin the sampledimension. Basedon
eachgroup �m� ( ,�.�0�. }

), we independentlyclustersam-
plesinto two clusters(accordingto themostpopularexper-
imentalconditions[2]), representedby ���B% � and �{�B% � .

Step3: clusteringresultscombination. This stepcom-
binestheclusteringresultsof thestep1 andstep2. Without
lossof the generality, let

} ��Z . Thenthesamplescanbe
dividedinto four groups:��� 
 (all samplesclusteredinto ��
 % � basedon ��
 and

clusteredinto �{T�% � basedon �mT );��� T (all samplesclusteredinto ��
 % � basedon ��
 and
clusteredinto �{T�% � basedon �mT );���k� (all samplesclusteredinto ��
'% � basedon ��
 and
clusteredinto �{T�% � basedon �mT );����� (all samplesclusteredinto � 
'% � basedon � 
 and
clusteredinto � T�% � basedon � T ).

Figure2 illustratesthe resultsof this combination.If
} ��

, therewill be � possiblesamplegroups. In general,the
numberof possiblesamplegroupsequalsZ u . Usually

}
is

setto be Z to reducethecomputationalcomplexity.
Step4: findingheterogeneousgroups. Amongthesam-

ple groups � 
^� � T^� �k� � � � , we choosetwo distinct groups�k� and ��� ( ,/.��Y�P��.�� ) which satisfythefollowing con-
dition: for ���¡  �C� �¢��£=  �¤� � where � and £ aresamples,
if �? ?� �&% ¥P¦ �P£G ?� �&% ¥�§ � then M 
©¨�sM T ( M 
 �PM T  ª�"«���¬"� ) for
all 0 ( ,G.­0®. }

). We call ( � � , � � ) heterogeneousgroup.
For example,( � 
 , �¤� ) is suchaheterogeneousgroup(when} �­Z ) becauseall samplesin group � 
 areclusteredinto� �B% � ( ,8.s0m. }

), while all samplesin group ��� areclus-
teredinto � �&% � ( ,5.:02. }

). For thesamereason,( � T , � � )
is anotherheterogeneousgroup.

Step 5: sorting and reducing. For each hetero-
geneous group, for example, ( � 
 , ��� ), two patternsR&p[��p[�	����� p¯��,Y��,��	������, U and R�,��	,��	������,Y�Pp¯�Pp[�	����� p U areintroduced.
The pattern R&p¯�Pp¯������� p[�	,���,Y��������, U includes + � 
 + (numberof
samplesin group � 
 ) zerosfollowed by + ��� + (numberof
samplesin group � � ) one’s. Similarly, R�,Y��,Y��������,���p[�Pp¯������� p U
includes + � 
^+ one’s followed by + � � + zeros. For eachpat-
tern, we useit to calculatevector-cosinedefinedin Equa-
tion (3) with eachgenevector, thensortall genesaccording
to the similarity valuesin descendingorder, andkeepthe
first one third of the sortedgenesequenceby cutting off
theothertwo thirdsof thegenesequence.By merging the

Figure 2. Clustering results combination
when ° �²± . ³�´ � ³
µ �	����� ³"¶ in the fir st line rep-
resent samples. The second and thir d lines
sho w cluster results on samples based on
gene groups ·¸
 or ·8T independentl y. In each
case, samples are clustered into two groups,
whic h are marked as “a” or “b”. We use
green color (second line) to represent clus-
ter results based on ·¸
 and blue color (thir d
line) for results based on ·8T . By combina-
tion, four possib le sample groups are gen-
erated: ¹ 
 inc ludes samples marked as “a”
based on · 
 and marked as “a” based on · T ;¹ T inc ludes samples marked as “a” based
on · 
 and marked as “b” based on · T ; ¹ �
inc ludes samples marked as “b” based on· 
 and marked as “a” based on · T ; ¹ � in-
cludes samples marked as “b” based on ·¸

and marked as “b” based on ·8T .

remainingsortedgenesequencesfrom two patterns,weob-
tain the reducedgenesequence� A whereat leastonethird
of thegenesin � arecutoff.

Similarly, for the otherheterogeneousgroup ( � T , ��� ),
anotherreducedgenesequence� A A is generated.Now the
problemis whichgenesubsetshouldbechosenfor thenext
iteration, � A or � A A ? The semanticmeaningbehind it is
to selecta heterogeneousgroupwhich is a betterrepresen-
tation for the original distribution of samplesbecause� A
and � A A aregeneratedbasedon the correspondinghetero-
geneousgroups. Herewe usethe cross-validationmethod
[32] to evaluateeachgroup. In eachheterogeneousgroup,
first chooseonesample,thenusetheremainingsamplesof
thisgroupto selectimportantgenes,andpredicttheclassof
thewithheldsamples.Theprocessis repeatedfor eachsam-
ple, andthe cumulative error rateis calculated.Whenthe
heterogeneousgroupwhichhaslowererrorrateis found,its
correspondingreducedgenesequenceis selectedas º� with3 T genesfor thenext iteration.



After Step5, thegenenumberis reducedfrom 3 
 to 3 T .
Theabovestepscanberepeatedby clustering3 T genes,

andsoon. The iterationwill be terminateduntil the termi-
nationconditionsaresatisfied.

2.4 Termination Condition

To explain theterminationcondition,we first definethe
occupancyratio betweensamplesin heterogeneousgroups
andall samples,let » denoteall heterogeneousgroups:¼V½�½ M�«Y�¢0¢¾#�1¿�«�tÀRÀ� + � � +�Á*+ � ��+9 � U � (5)

where R � � � � � U  ¸»�R�,#.�0 �Â6Ã.�Z u U , 9 is thetotal number
of thesamples,+ � � + is thenumberof samplesin � � .

Thusif
} �²Z , theoccupancy ratiowill be:¼V½�½ M�«��¢0Ä¾#�²¿�«YtÀR + � 
 +YÁs+ ��� +9 � + � T +�ÁS+ � � +9 U � (6)

Becausethe sum of the numberof samplesin all het-
erogeneousgroupsis equal to 9 , the minimum value of¼V½�½ M�«��¢0Ä¾ is p[�ÆÅ . If thegeneclusteringresultsbasedon � 

and � T are the same,theneither � 
2Ç ��� �È� ( � is the
setof all samples)or � TkÇ � � �*� , in this case º� (there-
maininggenes)is goodenoughfor sampleclustering.Note
thatundersuchoptimalcondition,the

¼V½�½ M�«��¢0Ä¾ valuewill
reachthemaximumvalue , .

pre-porcessingÉÊË ÌÍ
clusteringin thegenedimensionÉ

usingeach genegroupÊË ÌÍ
clusteringin thesampledimensionÉ

usingtwo clusterresultsÊË ÌÍ
clusteringresultscombinationÉÊË ÌÍ
finding heterogenousgroupsÉ
definepatternsÊË ÌÍ

sortingandreducingÉ
cross-validation

terminationcondition
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Figure 3. The structure of Interrelated Two-
way Clustering.

¼V½�½ M�«Y�¢0¢¾ value can be usedas one of the termination
conditionsfor theiteration.If the

¼V½�½ M
«��¢0¢¾ valuereaches, ,

we canstopthe iteration. However, sincetheoptimalcon-
dition is hardto reach,usuallythe iterationcanbestopped
whenthe

¼V½�½ M�«��¢0¢¾ valuereachesa thresholdsuchas p¯� Ñ ,
meaningsamplesclusterresultat step2 basedon ��
 and�mT arequitesimilar. Sometimesafter many iterations,the¼V½�½ M�«��¢0¢¾ valuestill cannotreachthethreshold,but there-
maininggenenumber( 3�T ) is verysmall(for example,100).
Thisalsocanbeusedasterminationcondition.

Thewholeprocedureof interrelatedtwo-way clustering
is presentedin Figure3.

3 Experimental Results

The experimentsare basedon two datasetson multi-
ple sclerosispatients: the MS IFN group and the CON-
TROL MS group. The MS IFN group contains28 sam-
pleswhile theCONTROL MS groupcontains30 samples.
Eachsampleconsists4132genes.We performthe interre-
latedtwo-way clusteringapproachfor unsupervisedclassi-
ficationseparatelyon eachgroup. To testtheperformance
of our approach,we choosethesetwo datasetsin which
the ground-truthis alreadyknown, that is, in the MS IFN
group,thereare14MS samplesand14IFN samples,andin
CONTROL MS group,thereare15controlsamplesand15
MS samples.We only usethis ground-truthto evaluateour
experimentalresults.
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Figure 4. Distrib ution of genes’ vector -cosine
calculated from Equation (3). Horizontal
axis represents samples, ver tical axis means
vector -cosine value . Samples are sor ted in an
ascending order, where we choose threshold
0.89 to reduce 4132 genes to 2682.

During the data pre-processingprocedure,by sorting
genesusingvector-cosinecalculatedfrom Equation(3), we
choosethreshold p[� ��Ñ (SeeFigure 4), then remove genes
for which vector-cosinewith pattern

\
is higher thanthat
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threshold,which meansthegeneintensityvaluesvary little
amongthe samples.1450genesare removed from 4132.
As theresult,2682genesareleft.

K-meansclusteringmethodis usedduring the interre-
lated two-way process,and correlationcoefficient (Equa-
tion (4)) is usedasthedistancemeasure.

During the iterative process,after eachiterationthe re-
maininggenesaretracedtogetherwith theoccupancy ratio
for the heterogeneousgroupsof the two dataset(SeeFig-
ure 5). One observation is that in our experiment,while
gene-dimensionis reduced,the

¼V½�½ M
«��¢0¢¾ valueincreases,
the samplescluster resultsbasedon ��
 and �mT become
moresimilar.

On the MS IFN group, after nine iterations, the¼V½�½ M�«��¢0Ä¾ valuereachesp¯� Ñ�Z . Wereduce2682genesto 100
genesandclustersamplesinto two group: 11 samplesin
groupone,whichareall correctlyclassifiedto sampleshav-
ing MS disease.Another17 samplesare in grouptwo, in
which 14 of themis IFN treated,but another3 werein the
wronggroup.

In Figure6, we usea liner mappingfunction [7] which
mapsthe 3 -dimensionvectorsinto two dimensionsto show
thesamples’distribution beforeandafterour approachfor
theMS IFN group.

Similarly, for the CONTROL MS group, we reduce
1474geneswith thesamethresholdastheMS IFN groupin
thepre-processingstep,andusethe remaining2658genes
to performthe interrelatedtwo-way cluster. Theresultis 8
samplesbeingincorrectlyclassifiedout of 30 samples.

For the purposeof comparison,we also directly per-
form K-meansclusteringmethodandself-organizingmaps
on both the MS IFN andCONTROL MS groupdataafter
normalizationbut without any gene-dimensiondeduction.
Figure7 lists thesampleclusteringaccuracy rateachieved

Figure 6. Appr oach appl ying on the MS IFN
group. (A) Shows the original 28 samples’
distrib ution, Each point represents a sample ,
whic h is a mapping from the sample’ s 4132
genes intensity vector s. There is no obvious
cluster bor der as we see. (B) Shows the same
28 samples distrib ution after using our ap-
proach. We reduce 4132 genes to 100 genes.
So each sample is a 100-dimension vector .
The green and red color s sho w the cluster
result using our appr oach, while two dash
cir cles indicate the real sample cluster and
three arrows point out the incorrectl y classi-
fied samples.

by thesemethods.From this figure,we canseethat using
ourapproach,theaccuracy of classdiscovery is higherthan
thoseof traditionalmethods,which illustratestheeffective-
nessof theinterrelatedtwo-way clusteringmethodon such
highdimensionalgenedata.

4 Conclusion

In this paper, we have presenteda new framework for
the unsupervisedanalysisof geneexpressiondata. In this
framework, an interrelatedtwo-way clusteringmethodis
developed and applied on the gene expressionmatrices
transformedfrom the raw microarraydata. We wereable
to find importantgenepatternsand to perform classdis-
covery on samplessimultaneously. It hastheadvantageof
dynamicallyusingthe relationshipsbetweenthe groupsof
the genesandsampleswhile iteratively clusteringthrough
both gene-dimensionand sample-dimension.In doing it-
erativeclustering,reducinggene-dimensionwill benefitthe
accuracy improvementof classdiscovery, whichin turnwill
guidefurthergene-dimensionreduction.

In particular, we usedtheabove approachto distinguish
thehealthycontrol,MS andIFN-treatedsamplesbasedon
thedatacollectedfrom DNA microarrayexperiments.From



Figure 7. Comparison of accurac y rate
achieved by interrelated two-way clustering
(ITC), self-or ganizing maps (SOM) and K-
means clustering methods. (A) Shows clus-
tering results on the MS IFN group whic h in-
clude 28 samples. (B) Shows clustering re-
sults on the CONTROL MS group whic h in-
clude 30 samples.

our experiments,we demonstratedthat this approachis a
promisingapproachto beusedfor unsupervisedanalysisof
genearraydatasets.
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