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Abstract

DNA arrayscanbe usedto measue the expressionlev-
els of thousandsf genessimultaneously Currently most
reseach focuseson the interpretation of the meaningof
thedata. However, majority methodsare supervised-based,
lessattention has beenpaid on unsupervisedpproades
whicdh is importantwhendomainknowled@ is incomplete
or hardto obtain. In this paperwepresent new framevork
for unsupervisednalysisof geneexpressiordatawhich ap-
plies an interrelated two-way clustering approacd on the
geneexpressionmatrices. Thegoal of clusteringis to find
importantgenepatternsand perform cluster discovery on
samplesTheadvantaye of this appmad is thatwe candy-
namically usethe relationshipsbetweerthe groupsof the
genesandsamplesvhile iteratively clusteringthroughboth
gene-dimensiorand sample-dimensionWe illustrate the
methodon gene expressiondata from a study of multiple
scleiosis patients. The experimentsddemonstate the effec-
tivenesof this approad.

1 Intr oduction

DNA microarraytechnologypermitsrapid, large-scale
screenindor patternsof geneexpressiorandgivesa simul-
taneous semi-quantitatie readoutson the level of expres-
sionof thousandef geneq18, 15, 24, 27, 36, 20, 21, 8, 30].
This new technologyalso givesrise to a challenge:to in-
terpretthe meaningof this immenseamountof biological
information usually formattedin numericalmatrices. To
meetthe challenge variousmethodshave beendeveloped
usingbothtraditionalandinnovative techniquego extract,
analyzeandvisualizegeneexpressiordatageneratedrom
DNA microarrays.

A key stepin the analysisof geneexpressiondatais to
detectgroupsthatmanifestsimilar expressiorpatterns Be-
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sidesclusteringgeneexpressiorwill reducecomplexity, fa-
cilitate interpretationavoid redundang andcurbthenoise.

Informationin geneexpressiomatriceds specialin that
it canbe studiedin two dimensiond2]: analyzingexpres-
sionprofilesof geneshy comparingrows in the expression
matrix [25, 23, 22, 3, 33, 10, 6, 26] andanalyzingexpres-
sionprofilesof sampledy comparingcolumnsin thematrix
[11, 32, 9]. While mostresearcherfocuson eithergenedi-
mensionor sampledimension,in a few occasionssample
clusteringhasbeencombinedwith geneclustering. Alon
et al. [34] have applieda partitioning-basealusteringal-
gorithm to study 6500 genesof 40 tumor and 22 normal
colontissuesfor clusteringboth genesand samples.Getz
etal. [12] presenta methodappliedon colon cancerand
leukemiadataset. By identifying subsetsf the genesand
samplessuchthat whenone of theseis usedto clusterthe
other, stableandsignificantpartitionsemege. They call it
coupledtwo-way clustering.

Although mary different methodsfor data clustering
have beenproposediwo majorparadigmsanbeidentified:
supervisectlusteringandunsupervisedlustering. The su-
pervisedapproachassumeghat for some(or all) profiles
thereis additionalinformationattachedsuchasfunctional
classedor the genesor diseased/normatttributesfor the
samplesHaving this information,a typical taskis to build
aclassifierto predictthe labelsfrom the expressiorprofile.
Brown et al. [23] have appliedvarioussupervisedearn-
ing algorithmson six functional classe®f yeastgenesus-
ing geneexpressiomatricesfrom 79 samplesGolubetal.
[32] usedneighborhoodanalysisto constructclasspredic-
torsfor samplesThey built aweightedvote classifiethased
on 38 training samplesandappliedit on a collectionof 34
new samples.Hastieet al. [33] proposech tree hanesting
methodfor supervisedearningfrom geneexpressiondata
to discover genesthat have strongeffects on their own as
well asgenesthat interactwith others. Our grouphasde-
velopedamaximumentropy approacho classifygenearray
datasets[29]. We usedpartof pre-knawn classef sam-



plesastrainingsetandappliedthemaximumentrop model
to generateanoptimal patternmodelwhich canbe usedon
new samples.

Unsupervisedapproachesassumelittle or no prior
knowledge. The goal of suchapproachess to partitionthe
setof samplesr genesdnto statisticallymeaningfulclasses
[1]. A typical exampleof unsupervisediataanalysisis to
find groupsof co-regulatedgenesor relatedsamples.Cur-
rently mostof the researctfocuseson the supervisedanal-
ysis, relatively lessattentionhasbeenpaidto unsupervised
approachem geneexpressiordataanalysiswvhichisimpor-
tantwhendomainknowledgeis incompleteor hardto ob-
tain[31, 37]. Thehierarchica[22, 16, 5] andK-meansclus-
tering algorithms[14, 28] aswell asself-omganizingmaps
[26] aremajorunsupervisedlusteringmethodswvhich have
appliedto variousgenearraydatasets.

In this paper we presentan interrelatedtwo-way clus-
tering approachfor unsupervisednalysisof geneexpres-
siondata.Unlike previouswork mentionedabove,in which
genesand sampleswere clusteredeitherindependentlyor
both dimensionsbeing reduced,our approachis to dy-
namically usethe relationshipshetweenthe groupsof the
genesandsampleswvhile iteratively clusteringthroughboth
gene-dimensioandsample-dimensioto extractimportant
genesandclassifysamplesimultaneously

We have appliedthe methodto a dataset on multiple
sclerosispatientscollectedby the Neurologyand Pharma-
ceutical Sciencesdepartmentsn our university (Multiple
sclerosigMS) is achronic,relapsingjnflammatorydisease
andinterferon$ (IFN-3) hasbeenthemostimportanttreat-
mentfor the MS diseasdor thelastdecadd35]). In partic-
ular, we performclassdiscovery onthe healthycontrol, MS
and IFN-treatedsampleshasedon the datacollectedfrom
theDNA microarrayexperiments.Thegeneexpressioriev-
elsaremeasuredby theintensitylevelsof thecorresponding
arrayspots.The experimentsdemonstrat¢he effectiveness
of thisapproach.

This paperis organizedasfollows. Section2 introduces
our approach.Section3 presentghe experimentalresults
on multiple sclerosigdataset. And finally, theconclusionis
providedin Sectiord.

2 Interr elated Two-way Clustering
2.1 Motivation

Geneexpressiordataarematriceswhererows represent
genes,columnsrepresentsamplessuch as tissuesor ex-
perimentalconditions,andnumbersn eachcell character
izesthe expressionlevel of a particulargenein a particu-
lar sample. Let G = {¢1,---, 9i, ---, gn} De the setof all
genes,S = {s1,...,;,...,5m} bethesetof all samples,
andw; ; betheintensityvalueassociateavith eachgeneg;

andsamples; in the matrix. Thusthe geneexpressionma-
trix W = {w; ;|1 <i <n,1<j < m} hasn rows(gene
vectors)andm columns(samplevectors).

Basedon the geneexpressionmatrix W which usually
hasthousand®f rows andlessthana hundredof columns
(n > m), acommonproblemis: canwe effectively cluster
the sampleswith similar propertiesusing the genesauto-
matically?

Note that for the unsupervisedanalysis,the previous
knowledgeand the training dataare not available. Also,
because: > m, the dimensionof samplevectorsis much
higherthanthe numberof samplesit is very hardto get
good result by directly using traditional clustering algo-
rithms[14, 13| for classifyingsampleson sucha high di-
mensionabkpace.

To achieve betterclassdiscosery on sampleswe should
first try to lowerthevectorspaceanto arelatively smallone,
which meangeducethe numberof geneqequalsto the di-
mensiorof samplevectors)to asmallerdimensiorandthen
perform clustering. If the dimensionof samplevectorsis
still too large, we continueto reduceuntil it reachesa rea-
sonablelevel on which clusteringalgorithmscanwork ef-
fectively andefficiently. However, the dimensiorreduction
is non-trivial.

In recognizingheabove problemswe proposeageneral
frameawork for the unsupervisedeneexpressiordataanal-
ysis. In this framawork, aninterrelatedwo-way clustering
approachaswell asa pre-processingrocedures applied
onthegeneexpressiormatrix W, andthegoal of clustering
is to find importantgenepatternsandto performclassdis-
covery on samplesimultaneouslyTo be morespecific,we
have two goals:

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

(2) Clusterthe samplesnto differentgroups.According
to the mostpopularexperimentalplatforms,the numberof
differentgroupsis usuallytwo, for example,diseasedam-
plesandcontrolsamples.

Thesetwo goalsare actuallytwo sidesof one coin. If
we canfind importantgenesthenit is relatively easyto use
traditionalclusteringalgorithmsto clustersamplesecause
the samplevectors’ dimensionis reducedto a reasonable
level (usually around100). On the other hand,if we can
correctlyclusterthe samplesimportantgenesanbe found
by sortingall genesusingsimilarity scoressuchascorrela-
tion coeficient[32, 4] with patternsaccordingo thecluster
results.

Oneof theadvantage®f our approachs thatwe candy-
namically usethe relationshipshetweenthe groupsof the
genesandsampleswhile iteratively clusteringthroughboth
gene-dimensiomnd sample-dimensionln doing iterative



clustering,reducinggene-dimensiomwill improve the ac-
curag of classdiscovery, which in turn will guide further
gene-dimensioreduction.

2.2 Pre-processingof Data

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

Our generaformulais

m
Wi s
,  where u; = 721_1 IR (1)
m

W = Wi =

2 i

w; ; denotesiormalizedntensityvaluefor genei of sample
J, w; j representshe original intensity valuefor genes of
samplej, m is the numberof samplesandy; is the mean
of theintensityvaluesfor genei overall samples.

Notice that amongthousandsf genes,not all of them

have the samecontrikbution in distinguishingthe classes.

Actually, somegeneshave little contribution. We needto
remove thosegeneswhich have little reactionto the exper
iment condition. We believe geneswvhoseintensityvalues
keepinvariantor changeverylittle belongto this class(Fig-
ure 1l shavs anexampleof genedistributions).
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Figure 1. Genes intensity value distrib utions
after normalization.  Horizontal axis repre-
sents samples. Each polygonal line indicates
a gene changing level varies among samples.
The red-solid lines represent gene intensity
values whic h vary little through all samples,
and the blue-dash lines represent gene inten-
sity values whic h vary much among samples.

Let's assumave have n genesandm samples.We de-

noteeachgenevector(afternormalization)as

9i = (wg,law;,b "'w'li,m)a (2)

wherei = 1,2,...n for eachgene. We usevectorcosine
betweeneachgenevectoranda pre-definedstablepattern
FE to testwhetherageneintensityvaluevariesmuchamong
samplesThepatterncanbedenotecasE = (ey, €2, ---€),
whereall e; areequal.
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whered is the angle betweentwo vectorsg; andE in m-

dimensionakpacelf thetwo vectorpatternsaaremoresim-

ilar, the vectorcosinewill becloserto 1. Theextremecase
is thatwhentwo vectorsareparallel,thevectorcosinevalue
is 1. Ontheotherhand,vectorcosinevalueof two perpen-
dicularvectorsis 0. After calculatingvectorcosinevalues,
we canchoosea thresholdto remove genesmatchingpat-
tern E (thosegenesVvectorcosinevalueswith E arehigher
thanthe threshold,which meansthesegeneschangelittle

during the experiment). Usually we canremove twenty to

thirty perceniof genedy this step,thusfacilitatingcluster

ing in thenext stage.

2.3 Interr elated Two-way Clustering

To perform two-way clustering,a distancemeasureo
be usedduringthe clusteringprocedureshouldbe carefully
chosen.Onecommonlyuseddistancds the Euclideandis-
tance. But for genedata, patterns’similarity seemsmore
importantthantheir spatialdistancd32, 4]. Sowe choose
correlation coeficient[17] which measureshe strengthof
the linear relationshipbetweentwo vectors. This measure
hasthe advantageof calculatingsimilarity dependingonly
onthe patternbut not onthe absolutemagnitudeof the spa-
tial vector The formula of correlationcoeficient between
two vectorsX = (z1,z2,...xx) andY = (y1,y2,...yx) is:

k k k
k(zmi X y;) = (Z ;) X (Zyz’)

Py = ' ' ' @)

[kfj 2 (Y x)] [kfj S y)]
i=1 i=1 =1 =1

wherek is thelengthof vector X andY'.

Thenwe clustergenesaswell assamples.Dynamicre-
lationshipbetweergeneclusteringandsampleclusteringis
usedto reducethevectorspaceof samplesnto areasonable
level andperformclassdiscovery. Ourapproachillustrated
in Figure 3, is aniterative procedurebasedon G with n,




genesafter pre-processingWithin eachiterationthereare
five mainsteps:

Stepl: clusteringin the genedimension The task of
this stepis to clustern; genesnto k groups,denotedasG;
(1 < < k), eachof whichis anexclusive subsebf G. The
clusteringmethodcanbeany methodfor whichwe cangive
theclusternumber suchasK-meansor SOM[13, 14].

Step2: clusteringin the sampledimension Basedon
eachgroupG; (1 < i < k), weindependentlelustersam-
plesinto two clusterg(accordingto the mostpopularexper
imentalconditions[2]), representedy S; , andS; ;.

Step3: clusteringresultscombination This stepcom-
binestheclusteringresultsof thestepl andstep2. Without
lossof the generality let £ = 2. Thenthe samplesanbe
dividedinto four groups:

e ( (all samplesclusteredinto S; , basedon G and
clusterednto S, , basedn Gy);

e (5 (all samplesclusteredinto S; , basedon G; and
clusterednto S, , basednGs);

e (3 (all samplesclusteredinto S, basedon Gy and
clusterednto S , basen Gs);

e (4 (all samplesclusteredinto S ; basedon G4 and
clusterednto S, ; basednGs).

Figure2 illustratesthe resultsof this combination.If k£ =
3, therewill be 8 possiblesamplegroups. In generalthe
numberof possiblesamplegroupsequals2®. Usually k is
setto be 2 to reducethe computationatomplexity.

Step4: finding hetepgeneougyroups Among the sam-
ple groupsCh, Cs, Cs, Cy, we choosetwo distinct groups
Cs, andC; (1 < s,t < 4) which satisfythe following con-
dition: for Vu € Cs,Vv € Cy, whereu andv aresamples,
if we€ Sir,v € Sipr,, thenry # ry (71,72 € {a,b}) for
alli (1 <4 < k). Wecall (Cs,C%) hetepgeneousgroup.
For example,(C4,C4) is suchaheterogeneougroup(when
k = 2) becausall samplesn groupC; areclusterednto
Sio (1 <4 < k), while all samplesn groupCjy areclus-
teredinto S; 5 (1 <4 < k). Forthesamereason(C>, Cs)
is anothetheterogeneougroup.

Step 5: sorting and reducing For each hetero-
geneous group, for example, (C1,C4), two patterns
(0,0,...0,1,1,...1) and(1, 11, ...1,0,0, ...0) areintroduced.
The pattern(0,0,...0,1,1,...1) includes|C;| (hnumberof
samplesin group C;) zerosfollowed by |Cy4| (numberof
samplesn groupCy) ones. Similarly, (1,1,...1,0,0,...0)
includes|Cy| one’s followed by |Cy4| zeros. For eachpat-
tern, we useit to calculatevectorcosinedefinedin Equa-
tion (3) with eachgenevector, thensortall genesaccording
to the similarity valuesin descendingrder and keepthe
first one third of the sortedgenesequencéy cutting off
the othertwo thirds of the genesequenceBy meming the
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Figure 2. Clustering results combination
when k = 2. sj,ss,...sy, in the first line rep-
resent samples. The second and third lines
show cluster results on samples based on
gene groups Gj or G, independentl y. In each
case, samples are clustered into two groups,
which are marked as “a” or “b”. We use
green color (second line) to represent clus-
ter results based on G; and blue color (third
line) for results based on Gs,. By combina-
tion, four possib le sample groups are gen-
erated: C; includes samples marked as “a”
based on G; and marked as “a” based on Gy;
C, includes samples marked as “a” based
on G; and marked as “b” based on G,; Cs
includes samples marked as “b” based on
G; and marked as “a” based on G,; C, in-
cludes samples marked as “b” based on G;
and marked as “b” based on G,.

remainingsortedgenesequenceom two patternswe ob-
tain the reducedgenesequencé&’ whereat leastonethird
of thegenesn G arecutoff.

Similarly, for the other heterogeneougroup (Cs, C3),
anothemreducedgenesequences” is generated.Now the
problemis which genesubseshouldbe choserfor thenext
iteration, G' or G"? The semanticmeaningbehindit is
to selecta heterogeneougroupwhich is a betterrepresen
tation for the original distribution of samplesbecause;’
andG" are generatedbasedon the correspondindhetero-
geneougyroups. Herewe usethe cross-alidationmethod
[32] to evaluateeachgroup. In eachheterogeneougroup,
first chooseone sample thenusethe remainingsampleof
thisgroupto selectimportantgenesandpredictthe classof
thewithheldsamplesTheprocesss repeatedor eachsam-
ple, andthe cumulative error rateis calculated. Whenthe
heterogeneougroupwhichhaslowererrorrateis found, its
correspondingeducedyenesequencés selectedasG with
no genedor the next iteration.



After Step5, thegenenumberis reducedrom ny to ns.

Theabove stepscanberepeatedy clusteringns genes,
andsoon. Theiterationwill beterminateduntil the termi-
nationconditionsaresatisfied.

2.4 Termination Condition

To explain the terminationcondition,we first definethe
occupancyatio betweensamplesn heterogeneougroups
andall sampleslet x denoteall heterogeneougroups:

[ Ci | +1C |

Occratio = Maz( { —

), (5)
where(C;, C;) € x (1 <i,j < 2F), m is thetotal number
of thesamples| C; | is thenumberof samplesn C;.
Thusif £ = 2, theoccupanyg ratiowill be:
|G+ ]Ca| [Co|+]|Cs

Occratio = Max( — , - ). (6)

Becausethe sum of the numberof samplesin all het-
erogeneougroupsis equalto m, the minimum value of
Occratio is 0.5. If the geneclusteringresultsbasedn G,
andG» arethe same theneitherC; U Cy = S (S is the
setof all samplespr C; U C3 = S, in this caseG (there-
maininggenes)s goodenoughfor sampleclustering.Note
thatundersuchoptimal condition,the Occeratio valuewill
reachthemaximumvaluel.
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( clusteringresultscombination)

C finding heterogenougroups )
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sortingandreducing )
cross-validatiori

terminationcondition

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

Occratio value can be usedas one of the termination
conditionsfor theiteration.If theOccratio valuereached,

we canstoptheiteration. However, sincethe optimal con-
dition is hardto reach,usuallytheiterationcanbe stopped
whenthe Occratio valuereachesa thresholdsuchas0.9,
meaningsamplesclusterresultat step2 basedon G; and
G- arequite similar. Sometimesafter mary iterations,the
Occratio valuestill cannotreachthe threshold but the re-
maininggenenumber(nz) is very small(for example,100).
This alsocanbe usedasterminationcondition.

The whole procedureof interrelatedwo-way clustering
is presentedn 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 the CONTROL_MS groupcontains30 samples.
EachsampleconsistsA4132genes.We performthe interre-
latedtwo-way clusteringapproactfor unsupervisealassi-
fication separatelyon eachgroup. To testthe performance
of our approach,we choosethesetwo datasetdn which
the ground-truthis alreadyknown, thatis, in the MS_IFN
group,thereare14 MS samplesand14IFN samplesandin
CONTROL_MS group,thereare15 controlsamplesand15
MS samplesWe only usethis ground-truthto evaluateour
experimentakesults.

vector-cosine

. . T .
1000 2000 I 3000 4000
gene 2682

Figure 4. Distrib ution of genes’ vector -cosine
calculated from Equation (3). Horizontal
axis represents samples, vertical axis means
vector -cosine value. Samples are sorted in an
ascending order, where we choose threshold
0.89 to reduce 4132 genes to 2682.

During the data pre-processingrocedure,by sorting
geneausingvectorcosinecalculatedrom Equation(3), we
choosethreshold0.89 (SeeFigure 4), thenremove genes
for which vectorcosinewith patternE is higherthanthat



Relationship between Gene number and Occratio value
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Figure 5. Relationship between Gene number
and Occratio value.

thresholdwhich meanghe geneintensityvaluesvary little
amongthe samples. 1450 genesare removed from 4132.
As theresult,2682genesareleft.

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

During the iterative processafter eachiterationthe re-
maininggenesaretracedtogethemwith the occupang ratio
for the heterogeneougroupsof the two datasei(SeeFig-
ure 5). Oneobsenationis thatin our experiment,while
gene-dimensioris reducedthe Occratio valueincreases,
the samplesclusterresultsbasedon G; and G5 become
moresimilar.

On the MS_IFN group, after nine iterations, the
Occratio valuereache$.92. We reduce2682genego 100
genesand clustersamplesinto two group: 11 samplesin
groupone,whichareall correctlyclassifiedo samplesav-
ing MS disease.Another 17 samplesarein grouptwo, in
which 14 of themis IFN treated but another3 werein the
wronggroup.

In Figure 6, we usea liner mappingfunction [7] which
mapsthe n-dimensionvectorsinto two dimensiongo shav
the samples'distribution beforeandafter our approacHor
the MS_IFN group.

Similarly, for the CONTROL_MS group, we reduce
1474geneswith thesamehresholdasthe MS_IFN groupin
the pre-processingtep,andusethe remaining2658genes
to performtheinterrelatedwo-way cluster Theresultis 8
sampledeingincorrectlyclassifiedout of 30 samples.

For the purposeof comparison,we also directly per
form K-meansclusteringmethodandself-organizingmaps
on boththe MS_IFN and CONTROL_MS groupdataafter
normalizationbut without any gene-dimensiomeduction.
Figure7 lists the sampleclusteringaccurag rateachieved
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Figure 6. Approach applying 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 border 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 colors show the cluster
result using our approach, while two dash
circles indicate the real sample cluster and
three arrows point out the incorrectl y classi-
fied samples.

by thesemethods.From this figure, we canseethat using
ourapproachtheaccurag of classdiscoveryis higherthan
thoseof traditionalmethodswhich illustratesthe effective-
nessof theinterrelatedwo-way clusteringmethodon such
high dimensionabenedata.

4 Conclusion

In this paper we have presentech new framework for
the unsupervise@nalysisof geneexpressiondata. In this
frameawork, an interrelatedtwo-way clusteringmethodis
developed and applied on the gene expressionmatrices
transformedrom the raw microarraydata. We were able
to find importantgenepatternsandto perform classdis-
covery on samplessimultaneously It hasthe advantageof
dynamicallyusingthe relationshipsetweenthe groupsof
the genesand sampleswhile iteratively clusteringthrough
both gene-dimensiorand sample-dimensionIn doing it-
eratve clustering reducinggene-dimensiowill benefitthe
accurag improvemenbf classdiscovery, whichin turnwill
guidefurthergene-dimensioneduction.

In particular we usedthe above approactto distinguish
the healthycontrol, MS andIFN-treatedsampleshasedon
thedatacollectedfrom DNA microarrayexperiments From



Figure 7. Comparison

of accuracy 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 which in-
clude 30 samples.

our experiments,we demonstratedhat this approachs a
promisingapproacho beusedfor unsupervisednalysisof
genearraydatasets.
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