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Abstract

New technologysuchas DNA microarraycanbe usedto determinesimultaneouslythe expression
levels of the thousandof geneswhich determinethe function of all cells. Applying this technology
to investigatethe gene-leel responseso differentdrug treatmentsould provide deepinsightinto the
natureof mary diseaseaswell asleadin the developmentof new drugs. In this paper we present
a maximumentropy approachto classifyinggenearray datasets. The experimentsdemonstratehe
effectivenesf this approach.

1 Intr oduction

Recently DNA microarraytechnologyhasbeendevelopedwhich permitsrapid, large-scalescreeningor
patternsof geneexpressionaswell asanalysisof mutationsin key genesassociatedavith cancer9, 5, 15,
16, 23, 11, 12, 2, 20]. To usethearrays,labelledcDNA is preparedrom total messengeRNA (mMRNA) of
tamgetcellsor tissuesandis hybridizedto the array;the amountof labelboundis anapproximataneasure
of thelevel of geneexpression.Thusgenemicroarrayscangive a simultaneoussemi-quantitatie readout
onthelevel of expressiorof thousand®f genes.Just4-6 suchhigh-density‘genechips” couldallow rapid
scanningof the entirehumanlibrary for geneswhich areinducedor repressedinderparticularconditions.
By preparingcDNA from cellsortissuesatintenalsfollowing somestimulus,andexposingeachto replicate
microarraysijt is possibleto determinetheidentity of genesespondingo thatstimulus,thetime courseof
induction,andthe degreeof change.

Somemethodshave beendevelopedusingbothstandardtlusteranalysisandnew innovative techniques
to extract, analyzeandvisualizegeneexpressiordatageneratedrom DNA microarrays.It hasbeenfound
usingyeastdata[13] thatby clusteringgeneexpressiondatainto groups,genesof similar function cluster
togetherand redundantrepresentationsf genesclustertogether A similar tendeng hasbeenfound in



humans Dataclustering[1] wasusedto identify patternsof geneexpressionin humanmammaryepithelial
cells growing in culture andin primary humanbreasttumors. Clustersof coexpressedgenesidentified
throughmanipulationsof mammaryepithelialcellsin vitro alsoshaved consistenpatternsof variationin
expressiormmongbreastumorsamples.

Thegeneratedlustersareusedto summarizegjenome-widexpressiorandto initiate supervisealuster
ing of genednto biologically meaningfulgroups[10]. In [4], theauthorspresenta stratgy for the analysis
of large-scalegguantitatve gene-&pressionrmeasuremerdatafrom time-coursesxperiments.Theapproach
takesadwantageof clusteranalysisandgraphicalvisualizationmethoddo reveal correlatedpatternsof gene
expressiorfromtime seriedata. Thecoherencef thesepatternsuggestanorderthatconformsto anotion

of sharedgpathwaysandcontrolprocessethatcanbe experimentallyverified.

The useof high-densityDNA arraysto monitor geneexpressionat a genome-widescaleconstitutes
a fundamentaladvancein biology. In particular the expressionpatternof all genesin Saccharomyces
cerevisiaecanbeinterrogatedisingmicroarrayanalysisjn which cDNAs arehybridizedto anarrayof each
of theapproximatel\6000genesn theyeasigenomgl14]. A key stepin theanalysisof geneexpressiordata
is the detectiornof groupsthatmanifestsimilar expressiorpatterns.The correspondinglgorithmicproblem
is to clustermulticondition geneexpressionpatterns. In [?], a novel clusteringalgorithmis introduced
for analysisof geneexpressiondatain which an appropriatestochasticerror modelon the input hasbeen
defined. It hasbeenproven that undercertainconditionsof the model, the algorithmrecoversthe cluster
structurewith high probability

Multiple sclerosis (MS) is achronic,relapsingjnflammatorydiseaselnterferon-g8 (I FN — ) hasbeen
the mostimportanttreatmentfor the MS diseasdor lastdecad€22]. The DNA microarraytechnology
makesit possibleto studythe expressionlevels of thousandof genessimultaneously In this paper we
presenia maximumentrofy approactto classifyinggenearraydatasets. In particular we distinguishthe
healthycontrol, MS, IFN-treatedpatientsbasedon the datacollectedfrom the DNA Array experiments.
The geneexpressionlevels are measuredy the intensity levels of the correspondingarray spots. The
experimentdemonstrat¢he effectivenesof this approach.

This paperis organizedasfollows. Section2 introduceshe maximumentrory model. Section3, 4 and
5 describehe detailsof our approacton how to calculatefeatures probabilitiesandclassification.Section
6 presentshe experimentakesults.And finally, the conclusionis providedin Section?.

2 Maximum Entropy Model

Entropy is a measureof uncertaintyof randomvariable[8, 18]. It representshe amountof information

requiredon averageto describethe randomvariable. Theentrofy H (X)) of adiscreterandomvariable X (
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thesetof whichwe’ll call £) is definedby

H(X) Y -3 p(z) log p(x)
ze€

wherep(z) is the probability The relatve entrofy D(p||q) (known as Kullback-Leiblerdivergence)is
definedas

4ol § (2 Tog 22
D(pllg) = zezgp( )1 8 o)

it is ameasuref the distancebetweertwo probability distributions. D(p||q) >= 0 andthe equalityoccurs
if andonly if p(z) = ¢(z). Theproofis simple.

In dataclassification,the goal is to classify the datafrom all known information. The Principle of
Maximum Entropy [6] canbe stated 18] as(1) Reformulatehe differentinformationsourcesasconstraints
to be satisfiedby the target estimate.(2) Amongall probability distributions that satisfytheseconstraints,
choosehe onethathasthe highest entrofy. Oneway to representhe known informationis to encodeat as
featuresandimposesomeconstraintson the value of thosefeatureexpectationd17]. Herea featureis a
binary-\aluedfunctionson events(or data) f; : £ — 0, 1. Givenk featuresthedesiredexpectationsanbe

formalizedas

Eofi Y p@)fi(x) j=1,2,....k
ze€

They mustsatisfythe obsered expectationi.e. constraints.
Epfj = E5fj 1)
wherep is theobsenred probability distribution in thetrainingsample.

Bsf; € Y p@)fi(e) j=1,2,....k
z€e€

The Principle of Maximum Entrogy [6, 7, 17] recommendghat we usep* = arg meag H(p) where
p
P = {p |Epyf; = Esfj, j = 1,2,---,k}. It canbe shawn [17] that D(p|[p*) = 0 exists underthe
expectationconstraintandp™ musthave theform of

k
p*(x):AHa;-cj(z),O<aj<oo 2
7j=1

whereA is aconstanandthe o;’s arethe modelparametersEachparametery; correspondso exactly one
featuref; andcanbeviewedasaweightfor thatfeature.

To find theseweights,aniterative algorithmGeneralized Iterative Scaling (GIS) is usedwhichis guar
anteedo convergeto thesolution[3, 17). [3] shavsthatD (5||p™*+V) < D(5|[p™) andlim,, o, p™ = p*.
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Hereis thesketchof theprocedureln ourapproachimproved Iterative Scaling (11S) algorithm[19] is used.

ag-o) =1
&
(nt+1) _ () _Epfj
o =, —_—
= (520

where

Eymfi=Yp™(2)fi(z)

T€E
k+1

n)\ fi (e
j=1

The maximumentroy modelis simple and yet extremely general. It only imposesthe constituent
constraintavithout assumingarything else. The featurefunctionscanrepresenthe detailedinformation
accurately Using the maximumentrofy, we canmodelvery subtledependencieamongvariables.Thisis
importantanduseful,especiallyin high dimensionsinceall highdimensionatlataaredetailedinformation.
By definingfeaturefunctions,we make reasonablaynspuriousassumptionsf the data.

In ourtaskof distinguishinghealthycontrolpeoplefrom MS patientsandMS patientsrom IFN treated
patientstheinformationwe have aretheintensityvaluesof about4,000genedor eachidentity. It is hardfor
humanbeingsto look atthe dataandfigure out the hiddenpatternof eachclass.lt is importantto developa
reliablealgorithmto performthetask. In the next two sectionswe first definefeaturefunctionsthenapply
IIS to find theweightsfor p*. Finally, a classifieris built basedn theseweights.

3 Feature Definitions

The featurefunctionsare very importantin applyingthe maximumentropy theory Bad featureshave no
positive effectsbut causingnoiseanddecreasinghe classificatiorprecision.In the problemof classifying
healthy control and MS patients,how to transferthe geneintensity valuesto featurefunctionsrequires
biology knowledge. Although the absoluteintensity changingvaluesareimportantin classifyingpatients,
we believe therelative changdevelsaremoreintrinsic. Also, differentgeneshave differentintensityvalue
changinglevels. The intensity changelevel aloneby itself hasno meaning. It varieswith the the gene
intensitychangindevel (denoted” L) for eachpatientandeachgene.Our generaformulais

CLgi = (gi — pg *t) /(g xt) where py = Z CLgi/|S| 3)

i€S

wherez,; representsheintensityvaluefor geneg of person, t is a parametgrand, is the meanof the
intensityvaluesfor geneg for all patientsS. Sincethe C' L’s valuesarerealnumberswe alsobucket them
into 21 predefineducketsC L* by



|CLy; x10] —1<CLy <1
CLy =4 —10 CLy; < -1
10 CLg > 1

Differentbucketing stratgjies affect the performance One more definition is neededeforewe define
the featurefunctions. We divide all patientsinto threedataclasse<: healthycontrol (HC), MS patients
(M S) or IFN treatedpatients(I F'N). Now for eachgeneg, eachchangingevel bucket c/* andeachclass
c, we defineafeaturefunctionsf, 4+, : S — 0,1 to be

1 if 32 €S, suchthati € cand for
focrze(S) = geneg of i, ¢ = g, CLZ,Z- =cl*
0 otherwise
Herewe have multiple genesmultiple geneintensityvalue changinglevels, andmultiple groups,each
combinationof themmakesup onefeaturefunction.

4 Probability

Theultimategoalis to classifyall kinds of peopleinto differentclassesWe cantreattheintensityvalueof
eachgeneasthe contet to decidethe patientclass.Here,class(C) hasthreevalues:HC', M'S andIF' N.
Context is definedasm = (g, cI*) i.e. geneandits intensityvalue changingevel bucket. Which classthe
patientbelongsto dependn all the context informationit has. In our situation,we adopta probability
modelto describeit. If we canfind the conditionalprobability p(class|contexts) for eachclass,we can
claimthatthe patientbelongso the classwith the highestprobabilitybasedon the contet information.

p(contexts, class)

1 texts) =
p(class|contexts) p(contexts)

where
p(contexts, class) = Haj j = (m,c) = (g,cl5c)
J

Weightsa;’s aregovernedby

O

plm,c) = =F— m=(ged)ccC )

and
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Thus,B is anormalizationconstanty;’s arethemodelparametersComparetheformatof equation(2)
and(4), f;'s herearethefeaturefunctionswe definedin the previoussectionwith j = (g, ¢/’ ¢). According
to maximumentrogy model,we canapply IS (Improved Iteratve Scaling[19]) to calculaten;’s. «;'s are
viewed asweightsfor f;. We call this procesghetraining stage.

Therearetwo stepsthe featurefunctioninductionandweightevaluation[19]. In the featurefunction
induction step,when a single candidatefeaturefunction is introduced,we calculatethe reductionof the
Kullback-Leiberdivergenceby adjustingthe weight of the candidatefeaturefunction while all the other
parametersrekept constant.After onefeaturefunctionis selectedall the weightsof the selectedeature
functionsare recalculated. IS (Improved Iterative Scaling)algorithmis adoptedto calculatethe model

parameters.The loop stopswhen the log-likely gain is lessthan the predefinedthreshold. The whole
structureis shavn in Figurel.

( Featurgunctionspace ><7

Select the next feature function
whichreducesheKullback-Leibeler
divegencemost

Evaluate weight for each selected
featurefunction

Stopthe processwhenthe Loglike-
hood gain is less than predefined
threshold

Figurel: Training Structure.



5 Classification

In practice,amongall the 4132genesfor eachperson,not all geneshave the samecontrikution in distin-
guishingthe classes Actually, mostof themhave little contrikution. We needto selectsomegeneswhich
aremore importantthanothersin solving the problem. To find thoseimportantgenesfirst, all genesare
sortedoy theirdegreeof correlation thenthe“neighborhoodanalysis’methodis appliedto extractthegenes
whicharemorecorrelatedvith the classdistinctionthanothergeneq21]. Forall HC, M S andI F'N data,
we chooseB8 genedor eachidentity.

After training stage, classificatiorcanbepreformedeasily Givena patients, wefirst calculatethegene
intensitychangingevelsfor all his genesthenconstructthe featurefunctions.Fromthetraining stage we
have weighta; for all f; of eachclassc.

We calculatep(class|contexts) for all classesActually, only []; «; is necessarginceall the denom-
inatorsarethe same.Higher « for a classindicateshigherprobability of the samplebelongto that class.
Finally we setthe sampledatato theclassc* suchthatp(class|contexts) is thehighesti.e.

Fi(s)
J

c arglgleaczclg[a j=(g,cl3c)

Thestructureis shavn in Figure2.

( Givenpatients )

Calculatethe C'L* for all genes

For eachclassc constructfeaturefunc-
tions f; j = (g,clic), then compute
I1; afj(s) usinge; in thetrainingstage.

Assignthe patientto classc* for which
I1; ajj(s) is largestj = (g, cl* c)

Figure2: ClassificatiorStructure.



6 Experimental Results

Theexperimentsarebasedntwo differentmix of thedatasets:the MS_IFN groupandthe CONTROL_MS
group. The MS_IFN groupcontainsl4 MS samplesand 14 IFN samplesvhile the CONTROL_MS group
containsl5 controlsamplesand15 MS samplesWe performthe classificatiorseparatelyn eachgroup.

For the MS_IFN group,in eachexperiment,we conductl4 tests.In eachtest,we chooseonedifferent
samplefrom the 14 MS samplesandonedifferentsamplefrom the 14 IFN samplego malke thetestset,and
usethe other26 samplesasthetraining set. Thuseachsampleappeargust oncein thetestsetandthetotal
numberof samplesve testis 28 which s the cardinalityof the dataset.

Similarly, for the CONTROL_MS group, in eachexperiment,we conductl5 tests. In eachtest, we
chooseonedifferentsamplefrom the 15 control samplesand one differentsamplel5 MS samplescorre-
spondinglyasthetestset,andusethe other28 samplesasthetraining set. The total numberof samplesve
testis 30.

For eachdataset, we performseveral experimentsby adjustingthe parametet: to calculatechanging
level CL in the formula Equation(3). In Table 1, we usethe error classificationnumberto evaluatethe
performanceof our approach. We choosefive differentt valuesvarying from 0.5 to 3 to perform five
experimentson eachdatasets. As it canbe obsered from Table 1, differentcalculationsof the changing
level will affectthetestingresult.

Experiment# 112 3|4]|5
Parametet 0511115 2| 3
Error#of MS_IFN(out of 28) 5122 |13
Error##of CONTROL_MS(outof30) | 7 | 8| 6 | 12| 12

Tablel: Experimentesults.

7 Conclusion

In this paperwe have givena maximumentrofy approacho classifyinggenearraydatasets.In particular
we usedthe above approacho distinguishthe healthycontrol, MS, IFN-treatedpatientsbasedon the data
collectedfrom DNA Array experiments. To the bestof our knowvledge, the maximumentrofy hasnot
beenusedbeforeto classifygenedata. From our experimentswe demonstratethatthe maximumentropy

approachs a promisingapproacho be usedfor classifyinggenearraydatasets.
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