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Abstract

New technologysuchasDNA microarraycanbe usedto producethe expressiorievelsof thousands
of genessimultaneously The raw microarraydataare imageswhich can be transformedinto gene
expressiommatriceswhereusuallytherows represengenesthe columnsrepresenvarioussamplesand
the numberin eachcell characterizethe expressiorlevel of the particulargenein a particularsample.
Now the cDNA andgenomicsequenc@rojectsare processingat sucharapidrate,moreandmoredata
becomeavailableto researcheraho areworking in thefield of bioinformatics.New methodsareneeded
to efficiently andeffectively analyzeandvisualizethe genedata.

A key stepin the analysisof geneexpressiondatais the detectionof groupsthat manifestsimilar
expressiorpatternsandfilter outthegeneghatareinferredto represenhoisefrom the matrixaccording
to sampledistribution. In this paper we presenta visualizationmethodwhich mapsthe samplesn-
dimensionalgenevectorsinto 2-dimensionapoints. This mappingis effective in keepingcorrelation
coeficient similarity which is the most suitablesimilarity measurdor analyzingthe geneexpression
data. Our analysismethodfirst removesnoisegenesfrom the geneexpressiormatrix by sortinggenes
accordingto correlationcoeficient measureandthenadjuststhe weight for eachremaininggene. We
have integratedour geneanalysisalgorithminto a visualizationtool basedon this mappingmethod.We
canusethistool to monitorthe analysigprocedureto adjustparameterslynamically andto evaluatethe
resultof eachstep. The experimentshasedon two groupsof multiple sclerosis (MS) andtreatmentata

demonstrat¢he effectivenesf this approach.



1 Introduction

DNA microarraytechnologycanbe usedto measuresxpressionlevels for thousandof genesin a single
experiment,acrossdifferent conditionsand over time [3, 16, 14, 24, 23, 27, 36, 20, 21, 8, 30]. To use
the arrays,labeledcDNA is preparedrom total messengeRNA (mMRNA) of taget cells or tissues,and
is hybridizedto the array The amountof label boundis an approximatemeasureof the level of gene
expression. Thus genemicroarrayscan give a simultaneoussemi-quantitatie readouton the levels of

expression®f thousand®f genes.Just4-6 suchhigh-density*genechips” could allow rapid scanningof

theentirehumanlibrary for geneswhich areinducedor repressedinderparticularconditions.By preparing
cDNA from cellsortissuesatintenalsfollowing somestimulus,andexposingeachto replicatemicroarrays,
it is possibleto determinethe identity of genesrespondingo that stimulus,the time courseof induction,

andthedegreeof change.

Somemethodshave beendevelopedusingbothstandardtlusteranalysisandnew innovative techniques
to extract, analyzeandvisualizegeneexpressiordatageneratedrom DNA microarrays.Geneexpression
matrix canbe studiedin two dimensiong2]: comparingexpressionprofiles of genesby comparingrows
in the expressionmatrix [22, 6, 26, 23, 25, 9, 33, 3] and comparingexpressionprofiles of samplesby
comparingcolumnsin thematrix[?, 10, 32]. In addition,bothmethodscanbe combined(providedthatthe

datanormalizatior[18, 38] allowsiit).

A key stepin the analysisof geneexpressiondatais the detectionof groupsthat manifestsimilar ex-
pressionpatternsandfilter out the geneshat areinferredto represennoisefrom the matrix accordingto
sampledistribution. The correspondinglgorithmicproblemis to clustermulti-conditiongeneexpression

patterns Dataclustering[6] wasusedto identify patternsof geneexpressiorin humanmammaryepithelial



cellsgrowing in cultureandin primary humanbreastumors.DeRisietal. [17] useda DNA arraycontain-
ing acompletesetof yeastgenedo studythediauxicshift time course.They selectedsmallgroupsof genes
with similar expressionprofilesandshaved that thesegenesare functionally relatedand containrelevant
transcriptionfactor binding sitesupstreanof their openreadingframes(ORFs). In [3], a clusteringalgo-
rithm wasintroducedfor analysisof geneexpressiondatain which an appropriatestochasticerror model
ontheinputhasbeendefined.Self-oganizingmaps[26, 19|, atype of mathematicatlusteranalysishatis

suitedfor recognizingandclassifyingfeaturesn comple, multidimensionaldata,wasappliedto organize
the genedinto biologically relevant clustersthat suggesinovel hypothesesbouthematopoietidifferenti-
ation. In [12], the authorspresented stratgy for the analysisof large-scalequantitatve gene-&pression
measurementlatafrom time-courseexperiments. The correlatedpatternsof geneexpressionfrom time

seriesdatasuggestan orderthat conformsto a notion of sharedpathwaysand control processeghat can
be experimentallyverified. Brown et al. [23] applieda methodbasedon the theory of supportvectorma-
chines(SVMs). The methodis consideredasa superviseccomputerlearningmethodbecausét exploits

prior knowledgeof genefunctionto identify unknavn genesof similar functionfrom expressiordata. They

appliedthis algorithmon six functionalclasse®f yeastgeneexpressiormatricesrom 79 sampleg22]. Al-

teretal. [25] usedsingularvaluedecompositiorin transforminggenome-widexpressiordatafrom genes
X arraysspaceto reduceddiagonalized'eigengenes’x “eigenarrays’spaceo extractsignificantgenesy

normalizingandsortingthe data.Hastieet al. [33] proposedatree harvesting methodfor supervisedearn-
ing from geneexpressiondata. This techniquestartswith a hierarchicalclusteringof genesthenmodels
the outcomevariableasa sumof the averageexpressiorprofilesof choserclustersandtheir products.The

methodcandiscorer geneghathave strongeffectson their own, andgeneghatinteractwith othergenes.

On sampledimension,our taskis to build a classifierwhich can predictthe samplelabelsfrom the



expressiorprofile. Golubetal. [32] appliedneighborhoodnalysigo constructlasspredictorsdor samples,
especiallyfor leukemias. They werelooking for genesvhoseexpressiondataarebestcorrelatedwith two
known classe®f leukemias,acutemyeloid leukemiaandacutelymphoblastideukemia. They constructed
aweightedvote classifietbasedn 50 geneqout of 6817)using38 samplesaandappliedit to a collectionof
34 new samplesTheclassifiercorrectlypredicted29 of the 34 samplesin [10], theauthorgpresenaneural
network modelknown as Simplified Fuzzy ARTMAP which canidentify normalanddiffuse large B-cell
lymphoma(DLBCL) patientsusingDNA microarraysdatageneratedby a previousstudy Many traditional
clusteringalgorithmssuchasthehierarchical[22, 15,5] andK-meansclusteringalgorithmg13, 28] have all
beenusedfor clusteringexpressiorprofiles. Mathematicahndstatisticaimethoddik e FourierandBayesian
analysisalsohave beenusedto discover profilesof cell cycle-dependengened31, 37, 1]. Our grouphas
developeda maximumentrofy approactto classifyinggenearraydatasets[29]. We usedpartof pre-knavn
classe®f samplesastraining setandappliedthe maximumentrory modelto generatean optimal pattern

modelwhich canbe usedto nenv samples.

Sampleclusteringhasbeencombinedwith geneclusteringto identify which genesarethe mostimpor-
tantfor sampleclustering[34, 5]. Alon etal. [34] have applieda partitioning-basedlusteringalgorithm
to study6500genesof 40 tumorand22 normalcolontissuedor clusteringboth genesandsamples.Getz
etal. [11] presenta methodappliedon coloncancerandleukemiadata. By identifying relevant subsetof
the data,they wereableto discover partitionsandcorrelationghatwere masled andhiddenwhenthe full

datasetvasusedin the analysis.This methodis calledtwo-way clustering.

Multiple sclerosis (MS) is achronic,relapsinginflammatorydiseaselnterferon-g8 (I FN — ) hasbeen
the mostimportanttreatmenfor the MS diseasdor thelastdecadd35]. The DNA microarraytechnology

makesit possibleto studythe expressiorievels of thousand®f genessimultaneouslyThe geneexpression



levels are measuredy the intensity levels of the correspondingarray spots. In this paper we presenta
visualizationmethodwhich mapsthe samplesn-dimensiongenevectorsinto 2-dimensionapoints. This
mappingis effective in keepingcorrelationcoeficient similarity which is the mostsuitablesimilarity mea-
surefor analyzinggeneexpressiordata.Our geneexpressiordataanalysismethodfirst remosesnoisegenes
from the expressionmatrix by sortinggenesaccordingto correlationcoeficient measureandthenadjusts
theweightfor eachremaininggene.We have integratedour geneanalysisalgorithminto avisualizationtool
basednthis mappingmethod.We canusethis tool to monitortheanalysisprocedureto adjustparameters,
andto evaluatetheresultof eachstep.The experimentonthe healthycontrol, MS andIFN-treatedsamples
basedon the datacollectedfrom the DNA microarrayexperimentsdemonstratéhe effectivenessof this

approach.

This paperis organizedasfollows. Section2 introduceshe visualizationmethod. Section3 describes
the detailsof our genedataanalyzingapproactwith the help of our visualizationtool. Section4 presents

the experimentaresults.And finally, the conclusionis providedin Section5.

2 Visualization Tool

2.1 Mapping Method

A typical geneexpressionmatrix hasthousand®f rows (eachrow represents gene)andseveral (usually
lessthan100) columnswhich represensampleselatedto a certainkind of diseas@r othercondition.Each
sampleis marked with a labelthat pointsout which classit belongsto, suchascontrol, patientanddrug-
treated While we analyzethesesampleswe usuallywantto view the sampledistribution duringeachstep.
How to visualizearbitrarily large dimensionaldataeffectively andefficiently is still anopenproblem.The

parallelcoordinatesystemallows the visualizationof multidimensionadataby a simpletwo dimensional
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Figurel: Distributionof ourgeneexpressiordataof 44 sampleswhereeachsample$as4132genes(A) Visualiza-
tion usingthe parallelcoordinatesystemwherethe horizontalaxis representgenedimensionand eachmultidimen-
sionalline represena sample.The sampledistributionis not clear (B) Visualizationusingour tool, whereeachpoint
represents sample.Thefigure shavs thatafter mappingoriginal datainto 2-dimensionakpace sampledistribution

is clearlyrepresented.

representatiorBut asthedimensiongyo higher the displayingis lesseffective. Figurel shavs anexample
of differentvisualizationmethods.

We usetheideaof a linear mappingmethodthat mapsthe multidimensionaldataseto 2-dimensional
spacqg7]. LetvectorP, = (zg1,z42, ..-Zgn) representdatapointin n-dimensionaspaceandtotal number
of pointsin thespacas m, denotedas Py, P, ..., Py,.

We usethe Formula(1) to mapP'g into a2—dimensionapoint1i;‘<:

—

% = > (/) + @) ®

wherew; is anadjustableveightfor eachcoordinaten is vectorlengthof the original space4/n is aratio
to centralizethepoints,andS’; (1 =1,2,...,n) areunit vectorswhich divide the centercircle of thedisplay

screerequally(Figure2 (B)).
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Figure2: Mappingfrom n-dimensionakpaceto 2-dimensionakpace(A) A datapoint P in the original space (B)
P* is the correspondingpoint usingmappingfunction (Formula(1)) in the 2-dimensionatlisplayingspace.Thered
point markedas(0,0)is the centerof the displayingscreen,s_‘;-(i = 1,2, ...,n) areunit vectorswhich dividedthe unit

circle of thedisplayscreerequally

Ourinitial settingis w; = 0.5 for all 1 = 1,2, ...n, which meanseachcoordinateof the original space
contributesequallyin theinitial mapping. Underthis setting,we caneasilyfigure out that point (0,0,...0)
in theoriginal n-dimensionakpacewill bemappedo (0,0) whichis the centerof 2-dimensionadisplaying
spacebasedon mappingfunction (Formula (1)). In addition, a point which hasthe format of (a,a,.....a)
will alsobe mappedto the center(Figure3 (A)). Anotherpropertyunderthe initial settingis keepingthe
correlationcoeficient simiarlty of the original datavectors. Becausethe correlationcoeficient hasthe
advantageof dependingnly on shapebut not on the absolutemagnitudeof the spatialvector it is a better
similarity measurehan Euclideandistance[32, 4]. The formula of correlationcoeficient betweentwo

vectorsX andY is:

nox (3w * i) — (i wa) * (2071 ¥i)

co(X,Y) = 5
Vi (S 2?) = (S0 20)2)[n+ (S 92) — (0 %0)?]

(2)

where

1

X = (21,22, .-y Zn),
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Figure3: Somepropertiesof our mappingfunction. (A) Shows every pointwhosecoordinatesn the original space
canberepresenteds(a,a,

thathave the samepattern which meangatiosof eachpairsof coordinatesn the original spaceareall equal,will be

25

20k

mappedntoa straightline acrosghe centerin the 2-dimensionatisplayingspace.

awill bemappedo thecenterof the 2-dimensionatisplayingspace (B) Shovs points



Y = (41,92, Yn)s

n
Z z; * y; = sum of the products of paired scalar,
i=1
n
Z x; = sum of x scalar,
i=1
n
Z y; = sum of y scalar,
i=1
n
Z xf = sum of squared x scalar,
i=1
n

Z yf = sum of squared y scalar.
i=1

If X andY have the samepatternwhich meansatiosof eachpairsof coordinatesf X andY areall
equal(Equation(3)), their correlationcoeficient valueswill be 1. Usingour mappingfunction, thesetwo
vectorswill be mappedonto a straightline acrosshe centerin the 2-dimensionatlisplayingspaceandall
othervectorswhich have thesamqoatternas)? andY will all bemappedntothatline (Figure3 (B)), even

if their Euclideandistancesn theoriginal spacearevery large.

i_T2 _ T3 _Zn )
U1 Y2 Y3 Yn

2.2 Parameter Adjustment

Our visualizationtool allows the userto adjustthe weight of eachcoordinatefrom —1 to 1 to changedata
distribution in the displayingspaceboth manuallyandautomatically Mappingfrom a higherdimensional
spaceto a lower dimensionalspacemay not presere all the propertiesof the dataset. By adjustingthe
coordinateweightsof the datasetdatas original static stateis changednto dynamicstatewhich may be
usedto compensat¢he informationlossfrom mapping. For example,two points (100, 100, ..., 100) and

(0,0, ....0) arefar away in theoriginal spaceput by theinitial setting,they arebothmappednto thecenter



of the 2-dimensionaldisplayingscreen. Wheneer ary weight w; in Formula (1) is changedthesetwo
pointswill beseparatedThatis, (0,0, ....0) will bestill atthe centerbut (100, 100, ..., 100) will nolonger
bemappedo thecenter Figure4 shavs anotherexamplewherethe original datasehas268 points(vectors)
which canbedividedinto two clustersmarked ashollow redcirclesandfilled blue circles. While mapping
basedon the initial setting,the clusterboundaryis not clear enough: somepartsof the two clustersare
overlapped.After changingthe weightsof somecoordinatesthe datadistribution is alsochangedandthe

two clustersareseparatedrom eachother

Sincethe original dimensionsmay be very high, suchas several thousandsmanually changingthe
weight for eachdimensionto find the bestcombinationis impractical. Thatis the reasonwhy our tool
supportsautomaticchangingof weights. The useronly needgo setthe adjustmentirection(ascendingr
descendingand changingstepfor eachdimension. The tool will performan animationto shav the data
distribution while theweightsarechangedutomatically Theusercanobtainall theweightswhentheideal

distribution is reached.

3 Data Analyzing Approach

Basedon the geneexpressiomatrix which hasthousand®f genesandseveraldozensof samplespur task
is to build aclassifierto predictthe sampldabels(classesjrom the expressiomprofile usingtheinformation
alreadyknown from the experiment,suchasdiseased/normadttributesof the samples.A very common
methodis [32] first to reducethe numberof genesin the genedimension,which meansto find important
genesthat are morerelatedto suchkind of idealizedpatterns;thento assignsomeweightsfrom the first
stepto the remaininggeneso constructa “classpredictor”. How mary genesare deletedis usuallyfrom

experience Researchergsuallygive afixednumbero every matrix, but thebestnumbemight bedifferent
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Figure4: Effectof weightsadjustmentLeft circlesshov the datadistribution in displayingspaceright sideslides
shav theweightadjustmenenvironment.(A) Shavs mappingresultof a datasetsingtheinitial setting. The dataset
includetwo clusters.We markedashollow red circlesandfilled bluecircles. (B) After changingheweightsof some

coordinatesthe datadistributionis alsochangedandtwo clustersareseparatedrom eachother
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Figure5: Differentkinds of genepatterns.Assumethatsampleshave two classes!f we wantto construcia “class
predictor” from the genematrix, geneshave patternlik e (a) give the correctinformationwhich arecalled“important
gene”. Pattern(b) meansuselesgenes Pattern(c) is noisein the datasetSoour taskis to select(a), remove (b) and

(c) from thesetof genes.

for eachdatasetHow to choosethe bestweightis anotheropenproblem.

3.1 Normalization

In thegeneexpressiommatrix, differentgeneshave differentrangeof intensityvalues.Theintensityvalues
alonemay not have significantmeaning,but the relative changinglevels aremoreintrinsic. Sowe should

first normalizethe original geneintensityvaluesinto relatve changindevels. Our generaformulais

gi = (@gi — g*t)/( g*t), where QZngi/S, (4)

where 4 denoteschanginglevel for gene of samplei, z,4; representshe original intensity value for

gene of samplei, ¢ is aparametgrand  is themeanof theintensityvaluesfor gene for all samplesS.
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3.2 Selecting Important Genes

Notice that amongthousandof genes,not all of them have the samecontritution in distinguishingthe
classesActually, somegeneshave little contritution or just represenhoisefrom the matrix (Figure5). We

needto remove thosegenes.

Assumingtherearen genesandm samplesywhereeachgenevector(afternormalization)s denotedas
Xg = (Tg1,2g2, s Tg ,Tg 1 ,-yTgm), where =1,2,..n for each ene. (5)

Without losing generality we assumehefirst sampledelongto oneclasswhile the remainingsamples
belongto anotherclass.Theidealgenewhichis highly correlatedvith thesampleslistribution shouldmatch
thepatternP = (1,1,...1,0,...,0) (first numberis“1” followedby (m— ) “0”) or T = (0,0,...0,1,...,1)
(first numberis “0” followedby (m — ) “1”). We calculatecorrelationcoeficient (Formula(2)) between
eachgenevectorandthepre—definecttablepatternﬁ, thensortgeneausingthesecorrelationcoeficientsby
adescendingequencavhich exactly matcheshe ascendingequencd sortingby correlationcoeficients
with anotherpattern ~. We know a certainnumberof genedrom thetop andthe bottomof this sequence
shouldbe chosenasthe “important genes”,but the numberis usually decidedfrom the experience.Also
the bestnumberfor differentdatasetss different. Using our tool, we canconductflexible judgment.First,
we mapthewhole datasetnto 2-dimensionatlisplayingspace We thenremove “unimportant”’genesrom
the middle of the sequenc®neby one. Whenthe boundaryof the clustersof the samplescould be clearly
separatedwe stopthis procedure.The remaininggenesare choseras“important” geneg(Figure6). The
whole procedurds integratedinto our visualizationtool. Becauseour mappingfunction hasthe property
of preservingcorrelationcoeficient similarity, sampleswith similar patternswill be mappeccloseto each

other

13



Figure6: Proceduref removing “unimportant”genesasedn a geneexpressiordataof 28 samplesvhich belong
to two clusters. (A) Shows original distribution of 28 samplesmappingfrom 4132 genesvectors. (B) Samples
distribution reducedo 120genes.(C) Sampledistribution reducedo 70 genes.Thereis a clearboundarybetween

two clusters.

3.3 Weight Adjustment

After selectinga subsebf importantgenesthe next stepis to build a classpredictorbasedon thesegenes.

Usuallythis predictorhastheformatof:
(wl 1, W2 2,..., W )a (6)

where ; is thevalueof the selectedyeneof the sampleto classifyandw; is weightof the selectedyene.

Now theproblemis how to decidetheweightof eachgene We candirectly usethecorrelationcoeficient
with thepatternP = (1,1, ...1,0,...,0) or _ = (0,0,...0,1, ..., 1) astheweight,or getfrom the parameter
adjustmenffunction of our tool. By usingour tool, we can manuallyadjustthe weightsof eachgeneas
illustratedin Figure4, or letthetool to performautomaticadjustmentFor automaticadjustmentye present
ameasurdhatevaluateghe quality of the distribution of two clustersandusethis measurdo decidewhen

to stoptheadjustmenprocedure.
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Firstwe definethe center of eachsampleclusteras s usingFormula(7):

- T ;
S = (cs1,c89,...,¢85), where cs; = =—". @)
n

Thenfor eachsamplecluster we defineavalue (S) to measurehe gatherdegreeof all the pointsin

this clusterusingFormula(8):

(S) = m%z F- 5= —ZZ(si—csi), (8)

m—1
wherem = S isthenumberof samplesn this cluster

This measurds similar to the standarddeviation in onedimensionakpace.lf thedistribution of points
in sampleclusterS is sparse, (S) will belarge, otherwiseit is small. If we have two clustersof samples
denotedasS; andS», we hopeeachclustergathertogetheraswell asthe distancebetweerthe two clusters
is aslarge aspossible.Sowe presentanothemeasurdo describehe quality of the clusterdistribution as

Formula(9):

_(81) (52)
=g ©)

where S, isthecenterof S, Sy isthecenterof Sy,and S; — Sy isthedistancebetween S; and
Sa.

We hopethe distancebetweerthetwo clusterscanbe aslarge aspossibleandthe sparsedegreecanbe
aslow aspossible.Sothe bestdistribution is reachedvhenc valueis the smallest.We apply this measure
onthe 2-dimensionatlisplayingspaceto evaluatethe sampledistribution while adjustingweights. Notice
thatto try the combinationsof all the weightsis impracticalbecaus®f exponentialtime compleity. What
we cando is whenthe pointsdistribution reaches local lowestvalueof ¢, we stopthe adjustprocedureand
setcombinationof theweights.
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Figure7: Experimentesultfor MS_IFN groupandCONTROL_MS group. Redcirclesdenotesampleselongto MS
group,greencirclesrepresensamplesn IFN groupwhile blue circlesmeanCONTROL samples.Samplegointed
by arrovs arewrongly classified.Straightlinesacrosghe big circle denotée‘classpredictor’which arebuilt usingthe

cross-alidationmethod.

4 Experimental Results

Theexperimentsaarebasedntwo datasets:theMS_IFN groupandthe CONTROL_MS group.TheMS_IFN
groupcontains28 sampleg14 MS samplesand14 IFN sampleswhile the CONTROL_MS groupcontains
30 sampleg15 controlsamplesand15 MS samples) Eachsamplehas4132genes.
Duringthedataprocessingrocedureby sortinggeneausingthecorrelationcoeficientsof Formula(2),
we select70 genes(Figure 6 (C)) for MS_IFN groupand 58 genesfor CONTROL_MS group. We then
adjustweightsfor the genesn thesetwo groupsusingautomaticadjustmentunctionin ourtool.
We useK-meansclusteringmethodto evaluatethe “weighted classpredictor” which we getfrom the

analyzingprocedure.Here we choosethe cross-alidation method[32] to evaluateeachgroup. In each

16



group,choosea sample,usethe remainingsamplesof this groupto selectimportantgenesandgetclass
predictor Thenpredictthe classof the withheld sample.The processs repeatedor eachsample andthe
cumulative errorrateis calculated.For MS_I group,samplesn the IFN groupwereall predictedcorrectly
but onesamplein the MS groupwasincorrectly classified.For the CONTROL_MS group,samplesn the
MS groupwereall predictedcorrectly but five samplesn the CONTROL groupwerewrongly classified.
Figure7 shavs the evaluationresultof our “weightedclasspredictor’for thesetwo groupsusingthe cross-

validationmethod.

5 Conclusion

In this paper we presented visualizationmethodwhich mapsthe samples’n-dimensionalgenevectors
into 2-dimensionapoints. This mappingis effective in keepingcorrelationcoeficient similarity which is
the mostsuitablesimilarity measurdor analyzinggeneexpressiordata.Our analysismethodfirst removes
noisegenedrom the geneexpressiomatrix by sortinggenesaccordingto correlationcoeficient measure,
andthenadjustgheweightfor eachremaininggene.We alsopresente@ measurdo judgethequality of the
clusterdistribution. We have integratedour geneanalysisalgorithminto a visualizationtool basedon the
mappingmethod.We canusethis tool to monitorthe analysigprocedureto adjustparameterglynamically
andto evaluatethe resultof eachstepof adjustment.Our approachakesthe advantageof dataanalysis
anddynamicvisualizationmethodgto reveal correlatedpatternsof geneexpressiondata. In particular we
usedthe abore approachto distinguishthe healthy control, MS, IFN-treatedsamplesbasedon the data
collectedfrom DNA microarrayexperiments Fromour experimentsywe demonstratethatthis approachs

apromisingapproactio be usedfor analysisandvisualizationof genearraydatasets.
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