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Abstract

New technologysuchasDNA microarraycanbe usedto determinesimultaneouslythe expression
levels of the thousandsof geneswhich determinethe function of all cells. Applying this technology
to investigatethe gene-level responsesto differentdrug treatmentscouldprovide deepinsight into the
natureof many diseasesaswell as lead in the developmentof new drugs. In this paper, we present
a maximumentropy approachto classifyinggenearray datasets. The experimentsdemonstratethe
effectivenessof this approach.

1 Intr oduction

Recently, DNA microarraytechnologyhasbeendevelopedwhich permitsrapid, large-scalescreeningfor

patternsof geneexpression,aswell asanalysisof mutationsin key genesassociatedwith cancer[9, 5, 15,

16, 23, 11, 12, 2, 20]. To usethearrays,labelledcDNA is preparedfrom total messengerRNA (mRNA) of

targetcellsor tissues,andis hybridizedto thearray;theamountof labelboundis anapproximatemeasure

of the level of geneexpression.Thusgenemicroarrayscangive a simultaneous,semi-quantitative readout

on thelevel of expressionof thousandsof genes.Just4-6suchhigh-density“genechips” couldallow rapid

scanningof theentirehumanlibrary for geneswhich areinducedor repressedunderparticularconditions.

By preparingcDNA from cellsor tissuesatintervalsfollowing somestimulus,andexposingeachto replicate

microarrays,it is possibleto determinetheidentity of genesrespondingto thatstimulus,thetime courseof

induction,andthedegreeof change.

Somemethodshave beendevelopedusingbothstandardclusteranalysisandnew innovative techniques

to extract,analyzeandvisualizegeneexpressiondatageneratedfrom DNA microarrays.It hasbeenfound

usingyeastdata[13] thatby clusteringgeneexpressiondatainto groups,genesof similar functioncluster

togetherand redundantrepresentationsof genesclustertogether. A similar tendency hasbeenfound in
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humans.Dataclustering[1] wasusedto identify patternsof geneexpressionin humanmammaryepithelial

cells growing in culture and in primary humanbreasttumors. Clustersof coexpressedgenesidentified

throughmanipulationsof mammaryepithelialcells in vitro alsoshowedconsistentpatternsof variationin

expressionamongbreasttumorsamples.

Thegeneratedclustersareusedto summarizegenome-wideexpressionandto initiatesupervisedcluster-

ing of genesinto biologically meaningfulgroups[10]. In [4], theauthorspresenta strategy for theanalysis

of large-scalequantitative gene-expressionmeasurementdatafrom time-courseexperiments.Theapproach

takesadvantageof clusteranalysisandgraphicalvisualizationmethodsto revealcorrelatedpatternsof gene

expressionfrom timeseriesdata.Thecoherenceof thesepatternssuggestsanorderthatconformsto anotion

of sharedpathwaysandcontrolprocessesthatcanbeexperimentallyverified.

The useof high-densityDNA arraysto monitor geneexpressionat a genome-widescaleconstitutes

a fundamentaladvancein biology. In particular, the expressionpatternof all genesin Saccharomyces

cerevisiaecanbeinterrogatedusingmicroarrayanalysis,in whichcDNAs arehybridizedto anarrayof each

of theapproximately6000genesin theyeastgenome[14]. A key stepin theanalysisof geneexpressiondata

is thedetectionof groupsthatmanifestsimilarexpressionpatterns.Thecorrespondingalgorithmicproblem

is to clustermulticondition geneexpressionpatterns. In [?], a novel clusteringalgorithm is introduced

for analysisof geneexpressiondatain which an appropriatestochasticerrormodelon the input hasbeen

defined. It hasbeenproven that undercertainconditionsof the model,the algorithmrecoversthe cluster

structurewith high probability.

Multiple sclerosis (MS) is achronic,relapsing,inflammatorydisease.Interferon-
�

( ������� � ) hasbeen

the most importanttreatmentfor the MS diseasefor last decade[22]. The DNA microarraytechnology

makes it possibleto study the expressionlevels of thousandsof genessimultaneously. In this paper, we

presenta maximumentropy approachto classifyinggenearraydatasets. In particular, we distinguishthe

healthycontrol, MS, IFN-treatedpatientsbasedon the datacollectedfrom the DNA Array experiments.

The geneexpressionlevels are measuredby the intensity levels of the correspondingarray spots. The

experimentsdemonstratetheeffectivenessof this approach.

This paperis organizedasfollows. Section2 introducesthemaximumentropy model.Section3, 4 and

5 describethedetailsof our approachon how to calculatefeatures,probabilitiesandclassification.Section

6 presentstheexperimentalresults.And finally, theconclusionis providedin Section7.

2 Maximum Entr opy Model

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

requiredon averageto describetherandomvariable.Theentropy �
	���
 of a discreterandomvariable � (
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thesetof whichwe’ll call � ) is definedby�
	���
������� ���������� 	� !
#"%$'& � 	� !

where � 	� (
 is the probability. The relative entropy )*	 �,+.- 
 (known as Kullback-Leiblerdivergence)is

definedas )�	 �/+.- 
0�1�2�� ����3� � 	� !
#"%$'& � 	� (
- 	� !

it is a measureof thedistancebetweentwo probabilitydistributions. )*	 �/+.- 
54 �76 andtheequalityoccurs

if andonly if � 	� !
 � - 	� (
 . Theproof is simple.

In dataclassification,the goal is to classify the datafrom all known information. The Principle of

Maximum Entropy [6] canbestated[18] as(1) Reformulatethedifferentinformationsourcesasconstraints

to besatisfiedby the targetestimate.(2) Amongall probabilitydistributionsthatsatisfytheseconstraints,

choosetheonethathasthehighest entropy. Oneway to representtheknown informationis to encodeit as

featuresandimposesomeconstraintson the valueof thosefeatureexpectations[17]. Herea featureis a

binary-valuedfunctionsonevents(or data) 8:9<;=�*> 6@?BA . Given C features,thedesiredexpectationscanbe

formalizedas DFE 8 9 ������ �������� 	� (
G8 9 	� !
IH �JA�?.K#?:L:L:L�? C
They mustsatisfytheobservedexpectationi.e. constraints.DFE 8 9 � DNME 8 9 (1)

where O� is theobservedprobabilitydistribution in thetrainingsample.D ME 8:95������ ������ O� 	� (
G8:9�	� !
IH �JA�?.K#?:L:L:L�? C
The Principleof Maximum Entropy [6, 7, 17] recommendsthat we use �QP �SR�T &FU R3VE �3W �
	 � 
 whereX �ZY �\[ D E 8:9 � D ME 8:9 ? H �ZA�?.K#?:]:]:]3? C�^ . It can be shown [17] that )�	 �/+��QP 
 �_6 exists underthe

expectationconstraintsand�QP musthave theform of

� P 	� !
 �a` bc9ed0f�g hji:k �ml9 ?n6po g 9 orq (2)

wherè is aconstantandthe g 9 ’s arethemodelparameters.Eachparameterg 9 correspondsto exactlyone

feature8:9 andcanbeviewedasaweightfor thatfeature.

To find theseweights,aniterative algorithmGeneralized Iterative Scaling (GIS) is used,which is guar-

anteedto convergeto thesolution[3, 17]. [3] showsthat )�	BO�s+�� kut'v f l 
swx)*	mO�s+�� kut l 
 and "zyzU t'{}| � kut l � � P .
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Hereis thesketchof theprocedure.In ourapproach,Improved Iterative Scaling (IIS) algorithm[19] is used.g k�~ l9 �JA
g kut'v f l9 � g k�t l9 � DpME 8 9D E������ 8:9@����

where D E ���1� 8 9 � �������� k�t l 	� (
G8 9 	� !
� kut l 	� (
 ��� b v fc9ed0f,� g k�t l9�� h�iBk �ml
The maximumentropy model is simple and yet extremely general. It only imposesthe constituent

constraintswithout assuminganything else. The featurefunctionscanrepresentthe detailedinformation

accurately. Usingthemaximumentropy, we canmodelvery subtledependenciesamongvariables.This is

importantanduseful,especiallyin highdimensionssinceall highdimensionaldataaredetailedinformation.

By definingfeaturefunctions,we make reasonable,unspuriousassumptionsof thedata.

In our taskof distinguishinghealthycontrolpeoplefrom MS patients,andMS patientsfrom IFN treated

patients,theinformationwehavearetheintensityvaluesof about4,000genesfor eachidentity. It is hardfor

humanbeingsto look at thedataandfigureout thehiddenpatternof eachclass.It is importantto developa

reliablealgorithmto performthetask. In thenext two sections,we first definefeaturefunctionsthenapply

IIS to find theweightsfor � P . Finally, aclassifieris built basedon theseweights.

3 FeatureDefinitions

The featurefunctionsarevery importantin applyingthe maximumentropy theory. Bad featureshave no

positive effectsbut causingnoiseanddecreasingtheclassificationprecision.In theproblemof classifying

healthycontrol and MS patients,how to transferthe geneintensity valuesto featurefunctionsrequires

biology knowledge. Althoughtheabsoluteintensitychangingvaluesareimportantin classifyingpatients,

we believe therelative changelevelsaremoreintrinsic. Also, differentgeneshave differentintensityvalue

changinglevels. The intensity changelevel aloneby itself hasno meaning. It varieswith the the gene

intensitychanginglevel (denoted�<� ) for eachpatientandeachgene.Ourgeneralformulais�}�/�n��� 	� �n� ��� �5�,� 
��@	�� ���,� 
 �����B�=��� ��� �� ��  �<�/�.� � [¢¡�[ (3)

where  �n� representsthe intensityvaluefor gene£ of person¤ , � is a parameter, and � � is themeanof the

intensityvaluesfor gene£ for all patients¡ . Sincethe �<� ’s valuesarerealnumbers,we alsobucket them

into 21 predefinedbuckets �}� P by
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�}� P�n� �¦¥§¨ §© ª �}�/�n�Q�«A:6�¬ � A<o­�}�/�n��o®A� A:6 �<� �n� w�� AA:6 �<�,�n�0¯�A
Differentbucketing strategiesaffect theperformance.Onemoredefinition is neededbeforewe define

the featurefunctions. We divide all patientsinto threedataclasses� : healthycontrol ( � � ), MS patients

( ° ¡ ) or IFN treatedpatients( �±�}� ). Now for eachgene£ , eachchanginglevel bucket ²1³ P andeachclass² , we definea featurefunctions 8 �:´ µ2¶�·n´µ ; ¡ > 6@?BA to be

8 �:´ µ2¶¸· ´ µ 	 ¡ 
 � ¥§¨ §© A ¤¹8»º¼¤,½ ¡ ?0¾m¿ ²:� � ��À � ¤F½»²5À±Á�Â�8(Ã3�£#�BÁÄ�Å£±Æ�Ã'8Ç¤ ? £�Æ � £ ?È�}� P�nÉu� � ²�³ P6 Ã � ���:����¤ ¾ �
Herewe have multiple genes,multiple geneintensityvaluechanginglevels,andmultiple groups,each

combinationof themmakesup onefeaturefunction.

4 Probability

Theultimategoalis to classifyall kindsof peopleinto differentclasses.We cantreattheintensityvalueof

eachgeneasthecontext to decidethepatientclass.Here,class( � ) hasthreevalues: � � , ° ¡ and �±�}� .

Context is definedas Ê � 	Ë£ ? ²�³ P 
 i.e. geneandits intensityvaluechanginglevel bucket. Which classthe

patientbelongsto dependson all the context informationit has. In our situation,we adopta probability

modelto describeit. If we canfind the conditionalprobability � 	j²�³jÀ ¾3¾ [ ²1Ã3Á � �: �G¾ 
 for eachclass,we can

claim thatthepatientbelongsto theclasswith thehighestprobabilitybasedon thecontext information.� 	j²�³�À ¾3¾ [ ²�Ã3Á � �B ��¾ 
 � � 	j²�Ã�Á � �: �G¾�? ²�³jÀ ¾3¾ 
� 	j²�Ã3Á � �B ��¾ 

where

� 	j²�Ã3Á � �B ��¾=? ²�³jÀ ¾�¾ 
 � c 9 g 9 H � 	�Ê ? ²B
 � 	Ë£ ? ²�³ P ? ²:

Weights g 9 ’s aregovernedby

� 	�Ê ? ²B
 �IÌ 9 g hjiBk  ±l9Í Ê � 	Ë£ ? ²�³ P 
�²¼½ � (4)

and
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Í � �kuÎ ´ µ l c 9
g hjiBk  ±l9
Thus,

Í
is anormalizationconstant,g 9 ’sarethemodelparameters.Comparetheformatof equation(2)

and(4), 8:9 ’s herearethefeaturefunctionswedefinedin theprevioussectionwith H � 	Ë£ ? ²�³ P ? ²B
 . According

to maximumentropy model,we canapplyIIS (Improved Iterative Scaling[19]) to calculateg 9 ’s. g 9 ’s are

viewedasweightsfor 8 9 . Wecall thisprocessthe training stage.

Therearetwo steps,the featurefunction inductionandweightevaluation[19]. In the featurefunction

inductionstep,whena singlecandidatefeaturefunction is introduced,we calculatethe reductionof the

Kullback-Leiberdivergenceby adjustingthe weight of the candidatefeaturefunction while all the other

parametersarekeptconstant.After onefeaturefunction is selected,all theweightsof theselectedfeature

functionsare recalculated.IIS (Improved Iterative Scaling)algorithm is adoptedto calculatethe model

parameters.The loop stopswhen the log-likely gain is lessthan the predefinedthreshold. The whole

structureis shown in Figure1. ÏÐ ÑÒ
FeaturefunctionspaceÓ

Select the next feature function
whichreducestheKullback-Leibeler
divergencemost Ó
Evaluate weight for each selected
featurefunction Ó
Stopthe processwhen the Loglike-
hood gain is less than predefined
threshold

Ô

Figure1: TrainingStructure.
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5 Classification

In practice,amongall the4132genesfor eachperson,not all geneshave the samecontribution in distin-

guishingtheclasses.Actually, mostof themhave little contribution. We needto selectsomegeneswhich

aremoreimportantthanothersin solving the problem. To find thoseimportantgenes,first, all genesare

sortedby theirdegreeof correlation,thenthe“neighborhoodanalysis”methodis appliedto extractthegenes

whicharemorecorrelatedwith theclassdistinctionthanothergenes[21]. For all � � , ° ¡ and ���}� data,

we choose88 genesfor eachidentity.

After training stage, classificationcanbepreformedeasily. Givenapatient¾ , wefirst calculatethegene

intensitychanginglevels for all his genes,thenconstructthefeaturefunctions.Fromthetrainingstage,we

have weight g 9 for all 8:9 of eachclass² .
We calculate� 	j²�³jÀ ¾3¾ [ ²�Ã3Á � �: ��¾ 
 for all classes.Actually, only Ì 9 g 9 is necessarysinceall thedenom-

inatorsarethe same.Higher g for a classindicateshigherprobabilityof the samplebelongto that class.

Finally we setthesampledatato theclass² P suchthat � 	j²�³�À ¾3¾ [ ²�Ã3Á � �B ��¾ 
 is thehighesti.e.² P �aR�T &ÕU R3Vµ ��Ö c 9 g h�iBk¸× l9 H � 	Ë£ ? ²�³ P ? ²B

Thestructureis shown in Figure2.ÏÐ ÑÒ

GivenpatientsÓ
Calculatethe �<� P for all genesÓ

For eachclass ² constructfeaturefunc-
tions 8 9 H � 	Ë£ ? ²�³ P ? ²B
 , then computeÌ 9 g hjiBk¸× l9 using g 9 in thetrainingstage.Ó
Assign the patientto class ² P for whichÌ 9 g hjiBk¸× l9 is largestH � 	Ë£ ? ²�³ P ? ²B


Figure2: ClassificationStructure.
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6 Experimental Results

Theexperimentsarebasedontwo differentmix of thedatasets:theMS IFN groupandtheCONTROL MS

group. TheMS IFN groupcontains14 MS samplesand14 IFN sampleswhile theCONTROL MS group

contains15controlsamplesand15 MS samples.Weperformtheclassificationseparatelyoneachgroup.

For theMS IFN group,in eachexperiment,we conduct14 tests.In eachtest,we chooseonedifferent

samplefrom the14MS samplesandonedifferentsamplefrom the14IFN samplesto make thetestset,and

usetheother26 samplesasthetrainingset.Thuseachsampleappearsjust oncein thetestsetandthetotal

numberof sampleswe testis 28which is thecardinalityof thedataset.

Similarly, for the CONTROL MS group, in eachexperiment,we conduct15 tests. In eachtest,we

chooseonedifferentsamplefrom the 15 control samplesandonedifferentsample15 MS samplescorre-

spondinglyasthetestset,andusetheother28 samplesasthetrainingset.Thetotal numberof sampleswe

testis 30.

For eachdataset,we performseveral experimentsby adjustingthe parameter� to calculatechanging

level CL in the formula Equation(3). In Table1, we usethe error classificationnumberto evaluatethe

performanceof our approach. We choosefive different � valuesvarying from 0.5 to 3 to perform five

experimentson eachdatasets.As it canbe observed from Table1, differentcalculationsof thechanging

level will affect thetestingresult.

Experiment# 1 2 3 4 5
Parametert 0.5 1 1.5 2 3
Error#of MS IFN(outof 28) 5 2 2 1 3
Error#of CONTROL MS(outof 30) 7 8 6 12 12

Table1: Experimentresults.

7 Conclusion

In this paper, we have givena maximumentropy approachto classifyinggenearraydatasets.In particular,

we usedtheabove approachto distinguishthehealthycontrol,MS, IFN-treatedpatientsbasedon thedata

collectedfrom DNA Array experiments. To the bestof our knowledge, the maximumentropy hasnot

beenusedbeforeto classifygenedata.Fromour experiments,we demonstratedthatthemaximumentropy

approachis apromisingapproachto beusedfor classifyinggenearraydatasets.
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