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Abstract

Constantlyimproving geneexpressiorprofiling technologiesare expectedto provide un-
derstandingandinsightinto cancerrelatedcellular processes Geneexpressiondatais also
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expectedo significantlyaid in the developmenibf efficient cancemiagnosisandclassification
platforms.In this work we examinethreesetsof geneexpressiordatameasure@crosssetsof
tumor(s)andnormalclinical samplesThefirst setconsistof 2,000genesmeasured 62 ep-
ithelial colonsamplegAlon etal. 1999). The secondconsistf &~ 100,000clones,measured
in 32 ovariansamplegunpublishedxtensionof datasetdescribedn (Schummeetal. 1999)).
The third setconsistsof = 7,100genesmeasuredn 72 bonemarrav and peripheralblood
sampleqGolub et al. 1999). We examinethe useof scoringmethodsmeasuringseparation
of tissuetype (e.g.,tumorsfrom normals)usingindividual geneexpressiorlevels. Theseare
thencoupledwith high dimensionaklassificationrmethodsto assesshe classificationpower
of completeexpressiorprofiles. We presentesultsof performingleave-one-outrossvalida-
tion (LOOCYV) experimentn thethreedatasets emplo/ing neaestneighborclassifier SVM
(Cortes& Vapnik 1995), AdaBoost(Freund& Schapirel997)anda novel clusteringbased
classificationtechnique.As tumor samplescandiffer from normalsamplesn their cell-type
compositionwve alsoperformLOOCV experimentausingappropriatelymodifiedsetsof genes,
attemptingto eliminatetheresultingbias.

We demonstratsuccessateof atleast90%in tumorvs normalclassificationusingsetsof
selectedgeneswith aswell aswithout cellularcontaminatiorrelatedmembersTheseresults
areinsensitve to the exactselectionrmechanismover a certainrange.

1 Intr oduction

The processhy which the approximatelyl00,000genesencodedoy the humangenomeare ex-

pressedas proteinsinvolvestwo steps. DNA sequencesareinitially transcribednto mRNA se-
guences. ThesemRNA sequence turn are translatedinto the amino acid sequence®sf the
proteinsthat perform variouscellular functions. A crucial aspectof propercell functionis the
regulationof geneexpressionsothatdifferentcell typesexpressdifferentsubsetof genes Mea-
suringmRNA levels can provide a detailedmolecularview of the subsetof genesexpressedn

differentcell typesunderdifferentconditions.Recentlydevelopedarray-basednethodsnablesi-

multaneousneasurementsf theexpressiorlevelsof thousandsf genes.Thesemeasurementsre
madeby quantitatingthe hybridization(detectedor example,by fluorescencedf cellularmRNA

to an arrayof definedcDNA or oligonucleotideprobesimmobilized on a solid substrate.Array

methodologiehave led to atremendousccelerationn therateat which geneexpressiorpattern
informationis accumulatedDeRisi. et al. 1997,Khan et al. 1998, Lockhartet al. 1996, Wen
etal. 1998). Measuringgeneexpressiorevelsunderdifferentconditionsis importantfor expand-
ing our understandingf genefunction,how variousgeneproductsnteract,andhow experimental
treatmentsanaffect cellularfunction.

Geneexpressiordatacanhelpin betterunderstandingf cancer Normal cellscanevolve into
malignantcancercellsthrougha seriesof mutationsan geneghatcontrolthecell cycle, apoptosis,
andgenomentegrity, to nameonly afew. As determinatiorof cancetypeandstagds oftencrucial
to theassignmenof appropriatéreatmen{Golubetal. 1999),acentralgoalof theanalysisof gene
expressiordatais theidentificationof setsof geneghatcansene, via expressiorprofiling assays,
asclassificatioror diagnosigplatforms.

Anotherimportantpurposeof geneexpressionstudiesis to improve understandingf cellu-
lar responses$o drug treatment. Expressiorprofiling assayperformedbefore,during and after



treatmentareaimedat identifying drug responsie genesjndicationsof treatmenbutcomesand
at identifying potentialdrug targets(Clarke et al. 1999). More generally completeprofiles can
be consideredisa potentialbasisfor classificationof treatmenfrogressioror othertrendsin the
evolution of thetreatedcells.

Dataobtainedrom cancerelatedgeneexpressiorstudiegypically consistof expressiorievel
measurementsf thousand®f genes.This compleity callsfor dataanalysismethodologieshat
will efficiently aid in extractingrelevantbiologicalinformation. Previousgeneexpressioranalysis
work emphasizeglusteringtechniqueswhich aim at partitioning the setof genesinto subsets
thatareexpressedimilarly acrosdifferentconditions.Indeed clusteringhasbeendemonstrated
to identify functionally relatedfamiliesof genes(Ben-Doret al. 1999, DeRisi. etal. 1997,Chu
etal. 1998, Eisenet al. 1998, lyer et al. 1999, Wen et al. 1998). Similarly, clusteringmethods
canbeusedto divide a setof cell samplesnto clustersbasedon their expressiorprofile. In (Alon
etal. 1999)this approactwasappliedto asetof colonsamplesvhichwasdividedinto two groups,
onecontainingmostlytumorsamplesandthe othercontainingmostly normaltissuesamples.

Clusteringmethodshowever, do not useary tissueannotation(e.g.,tumorvs. normal)in the
partitioningstep. This informationis only usedto asseghe succes®f the method.Suchmethods
are often referredto as unsupervised In contrast,supervisedmethods,attemptto predictthe
classificationof new tissues,basedon their geneexpressionprofiles after training on examples
thathave beenclassifiedby anexternal“supervisor”.

Thepurposeof thiswork is to rigorouslyassesshepotentialof classificatiorapproachebased
ongeneexpressiordata.We presentinovel clusteringbasedlassificatiormethodologyandapply
it togethemwith two otherrecentlydevelopedclassificatiorapproaches3oosting(Schapirel 990,
Freund& Schapirel997)and SupportVector Machines(Cortes& Vapnik1995,Vapnik 1999)to
threedatasets.Thesesetsinvolve correspondingissuesampledrom tumorandnormalbiopsies.
Thefirst is a datasetof coloncancer(Alon etal. 1999),the seconds a datasetof ovariancancer
(an extensionof the datasetreportedin (Schummeret al. 1999)), andthe third is a dataset of
leukemia (Golub et al. 1999). We useestablishedstatisticaltools, suchas leave one out cross
validation (LOOCYV), to evaluatethe predictive power of thesemethodsn the datasets.

Oneof the major challengef geneexpressiondatais the large numberof genesin the data
sets. For example,one of our datasetsincludesalmost100,000clones. Many of theseclones
are not relevant to the distinction betweencancerand tumor andintroducenoisein the classifi-
cationprocess.Moreover, for diagnosticpurposest is importantto find small setsof genesthat
aresufficiently informatie to distinguishbetweercells of differenttypes.To this endwe suggest
a simple combinatorialerror rate scorefor eachgene,and usethis methodto selectinformative
genesAs we shaw, selectingrelatively smallsubsetof genescandrasticallyimprove the perfor
mance.Moreover, this selectionprocessalsoisolatesgeneshatare potentiallyintimately related
to thetumormakeupandthe pathomechanism.

To realisticallyassesshe performancef suchmethodsoneneeddo addressheissueof sam-
ple contamination Tumorandnormalsamplesnay dramaticallydiffer in termsof their cell-type
composition.For example,in the colon cancerdata(Alon et al. 1999),the authorsobsered that
the normal colon biopsy also includedsmoothmuscletissuefrom the colonwalls. As a result,
smoothmusclerelatedgenesshoved high expressionlevelsin the normalsamplescomparedo
the tumor samples. This artifact, if consistentcould contribute to successn classification. To
eliminatethis effect we remove the musclespecificgenesand obsenre the effect on the success



rateof theprocess.

Therestof the paperis organizedasfollows. In Section2, we describethe principal classi-
fication methodswe usein this study Theseincludetwo stateof the art methodsfrom machine
learning,and a novel approachbasedon the clusteringalgorithm of (Ben-Doret al. 1999). In
Section3, we describethe threedatasets,the LOOCYV evaluationmethod,andevaluatethe clas-
sificationmethodson the threedatasets. In Section4 we addresghe problemof geneselection.
We proposea simplemethodfor selectingnformative genesandevaluatethe effect of geneselec-
tion on the classificationrmethods.In Section5, we examinethe effect of samplecontamination
on possibleclassification.We concludein Section6 with a discussiorof relatedwork andfuture
directions.

2 ClassificationMethods

In this section,we describethe main classificationmethodsthat we will be usingin this paper
We startby formally definingthe classificatiorproblem. Assumethatwe aregivenatraining set
D, consistingof pairs(z;,1;), for i = 1,...,m. Eachsamplez; is a vectorin R thatdescribes
expressiorvaluesof N genes/clonesThelabel /; associatedvith x; is either—1 or +1 (for sim-
plicity, we will discusgwo-labelclassificatiorproblems).A classificatioralgorithmis afunction
f thatdepend®n two agumentsthetrainingsetD, andaqueryz € R", andreturnsa predicted
labell = fp(z). We alsoallow for no classificationto occurif z is eithercloseto noneof the
classe®r whenit is too borderlinefor adecisionto betaken. Formally, thisis realizedby allowing
[tobe—1, +1 or 0, thelatterrepresentingin unclassifiedquery Goodclassificatiorprocedures
predictlabelsthat typically matchthe “true” label of the query For a precisedefinition of this
notionin theabsencef theunclassifiedptionassumehatthereis some(unknavn) joint distribu-
tion P(x, ) of expressiorpatternsandlabels.Theerror of aclassificatiorfunction f5(-) is defined
asP(fp(z) # 1). Of coursesincewe do not have accesdo P(-), we cannotpreciselyevaluate
thistermanduseestimatorsnstead Whenunclassifieds acceptedsa possibleoutputoneneeds
to considerthe costs/penaltiesf the variousoutcomesn analyzingthe value of a classification
method. For a comprehensie discussionof classificationproblemssee(Bishop 1995, Duda &
Hart1973,Ripley 1996).

2.1 NearestNeighbor Classifier

Oneof thesimplestclassificatiorproceduress thenearestneighborclassifieDuda& Hart1973).
Theintuition is simple. To classifya queryz, find the mostsimilar examplein D andpredictthat
z hasthe samelabel asthat example. To carry out this procedurene needto definea similarity
measuren expressiorpatterns.In our experimentswe usethe Pearsoncorrelationasa measure
of similarity (seee.qg.,(Eisenetal. 1998)).

Formally, let

E[(z; — Elz])(y: — Ely])]

\/ Var[z] Var[y]

be the Pearsorcorrelationbetweentwo vectorsof expressionlevels. Givena new vectorz, the

kp(z,y) =




nearesneighborclassificatiorproceduresearchegor the vectorz; in thetraining datathat maxi-
mizesk,(z, z;), andreturnsl;, thelabelof ;.

This simple non-parametriclassificationmethoddoesnot take arny global propertiesof the
training setinto considerationHowever, it is surprisinglyeffective in mary typesof classification
problems.We useit in our analysisasa stravman,to which we comparethe more sophisticated
classificatiorapproaches.

2.2 UsingClustering for Classification

Recallthatclusteringalgorithms,whenappliedto expressiorpatternsattemptto partitionthe set
of elementdnto clustersof patterns,so thatall the patternswithin a clusterare similar to each
other anddifferentfrom patternan otherclusters.This suggestshatif thelabelingof patternss

correlatedwvith thepatternsthenunsupervisedlusteringof the data(labelsnottakeninto account)
would cluster patternswith the samelabel togetherand separatepatternswith differentlabels.
Indeed sucharesultis reportedoy Alon etal. (1999)in their analysisof coloncancer Their study
(which we describein more detail in Section3) involves geneexpressionpatternsfrom colon

sampleghatincludebothtumorsandnormaltissues Applying a hierarchicaklusteringprocedure
to the data,Alon et al. obsene thatthe topmostdivision in the dendrograndividessamplesnto

two groups,one predominantlytumor, andthe other predominantlynormal. This suggestghat

for sometypesof classificationproblems,suchas tumor vs. normal, clusteringcan distinguish
betweenabels. Following this intuition, we build a clusteringbasedclassifier We first describe
theunderlyingclusteringalgorithmandthenpresenthe classifier

2.2.1 The clustering algorithm

The CAST algorithm, implementedin the BioClust analysissoftware package(Ben-Dor et al.
1999),takesasinputathresholdoarametet, which controlsthe granularityof theresultingcluster
structure anda similarity measureéoetweerthetissues. We saythatatissuev hashigh similarity
to asetof tissued , if theaveragesimilarity betweery andthetissuesn C is atleastt. Otherwise,
we saythatv haslow similaritytoC . CAST constructsheclustersoneatatime,andhaltswhenall
tissuesareassignedo clusters.Intuitively, thealgorithmalternatedbetweeraddinghigh similarity
tissuedo C , andremaoving low similarity tissuedrom it. Eventually all thetissuesn C have high
similarity to C , while all thetissuesoutsideof C have low similarity to C . At this stagethe cluster
C is closed,anda new clusteris started(See(Ben-Doretal. 1999)for completedescriptionof the
algorithm).

Clearly, thethresholdvaluet, hasgreateffect ontheresultingclusterstructure As ¢ increases,
the clustersformedaresmaller At the extremecase|f t is high enough,eachtissuewould form
asingletoncluster Similarly, ast decreaseghe clusterstendto getlarger. If ¢ is low enoughall
tissuesareassignedo the samecluster

'In this work we usethe Pearsororrelationbetweergeneexpressiorprofilesasthe similarity measureHowever,
ary similarity measureanbeused.



2.2.2 Clustering basedclassification

As describedabove, the thresholdparametert determineghe cohesvenessand the numberof
theresultingclusters. A similar situationoccursin otherclusteringalgorithms. For example,in
hierarchicalklusteringalgorithms(e.g.,(Alon etal. 1999,Eisenetal. 1998)),the cutoff “level” of
thetreecontrolsthe numberof clusters.In arny clusteringalgorithm,it is clearthatattemptingto
partitionthe datainto exactly two clusterswill notbethe optimalchoicefor predictinglabels.For
example,if thetumor classconsistsof severaltypesof tumors,thenthe mostnoticeabledivision
into two clustersmight separatéextreme” tumorsfrom the milder onesandthe normaltissues,
andonly afurtherdivisionwill separateéhe normalsfrom themildertumors.

For the purposeof determiningthe right parameteto be usedin clusteringdatathatcontains
somelabeledsamplesve proposea measureof clusterstructurecompatibilitywith a givenlabel
assignment.The intuition is simple: on the onehand,we want clustersto be uniformly labeled
andthereforepenalizepairsof sampleghatarewithin the sameclusterbut have differentlabels;
ontheotherhand,we do notwantto createunnecessarpartitionsandthereforepenalizepairsof
sampleghathave the samelabel, but arenot within the samecluster

Formally, we definethe compatibility scoreof a clusterstructurewith the training setasthe
sumof two terms. Thefirst is the numberof tissuepairs (v, u) suchthatv andu have the same
label, and are assignedo the samecluster The secondterm is the numberof (v, ) pairsthat
have differentlabels,andareassignedo differentclusters.This scoreis alsocalledthe matding
coeficientin theliterature(Everitt 1993). To handlelabelassignmentdefinedonly on a subsebf
the datawe restrictthe comparisorto countpairsof examplesfor which labelsareassignedthe
matchingcoeficientfor asubmatrixis computed).

Usingthisnotion,we canoptimize,usingabinarysearchthechoiceof clusteringparameterto
find the mostcompatibleclustering.Thatis: we considerifferentthresholdvaluest; useCAST
to clusterthe tissues;measurethe compatibility C(¢) of the resultingclusterstructurewith the
givenlabelassignmentandfinally, choosethe clusteringthathasmaximalC(¢). Thus,although
the clusteringalgorithmis unsupervisedin the sensehatit doesnot take into accountthe labels,
we usea supervisegroceduregor choosingthe clusteringthreshold.We alsoemphasizéhatthis
generaideacanbeappliedto any parametedependentlusteringmethod,andis notrestrictedo
our particularchoice.

To classifyaquerysamplewe clusterthetrainingdataandthe query maximizingcompatibility
to the labelingof the training data. We thenexaminethe labelsof all elementsf the clusterthe
guerybelongsto andusea simple majority rule to determinethe unknowvn label. Theintuition is
thatthe query’s label shouldagreewith the prevailing labelin its cluster Variousmajority rules,
taking into accountstatisticalconfidencecanbe used. When confidencds too low the queryis
labeledasunclassified The stringeny of this testdetermineghe strictnessof our classification
rule. In thecurrentexperimentwe usethemostliberalrule,i.e. aqueryis unclassifiednly if there
is anequalnumberof elementf eachlabelin its cluster Thechoiceof majority rule depend®n
the costof non-classificatiows. the costof misclassification.

2.3 Large-Margin Classifiers

Theclusterbasedapproactwe discussedh the previoussectionattemptgo find inherentstructure
in thedata(i.e., clustersof samplesjandusesthis structurefor prediction. We canalsousedirect
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methodgthat attemptto learna decisionsurfacethat separateshe positive labeledsampledrom
the neggatively labeledsamples.

The literatureof supervisedearningdiscusses large numberof methodshatlearndecision
surfaces.Thesemethodscanbe describedy two aspectsFirst, the classof surfacesfrom which
oneis selected.This questionis often closelyrelatedto the representatiorof thelearnedsurface.
Examplesncludelinear separatior{which we discussn moredetail below), decision-tregepre-
sentationsandtwo-layeratrtificial neuralnetworks. Secondthe learningrule thatis beingused.
For example,oneof the simplestlearningrulesattemptg¢o minimize the numberof errorson the
training set.

Application of direct methodsto our domaincan suffer from a seriousproblem. In gene-
expressiordatawe expectN, thenumberof measuredenesto besignificantlylargerthan/, the
numberof samples.Thus,dueto the large numberof dimensiongherearemary simpledecision
surfacesthatcanseparatehe positive examplesfrom the negative ones.This meanghatcounting
the numberof training seterrorsis not restrictve enoughto distinguishgood decisionsurfaces
from badones(in termsof their performancen examplesnotin thetrainingset).

In this paper we usetwo methodghatreceved muchrecentattentionin the machinelearning
literature.Both methodsattemptto follow theintuition thatclassificatiorof examplesdependsot
only ontheregionthey arein, but alsoon a notionof margin: how closethey areto the decision
surface. Classificationof exampleswith small maginsis not asconfidentasclassificationof ex-
ampleswith large magins. (Givenslightly differenttraining data,the estimateddecisionsurface
movesa bit, thuschangingthe classificationof pointswhich arecloseto it.) This reasoningsug-
gestghatwe shouldselecta decisionsurfacethatclassifiesll thetrainingexamplescorrectlywith
large magin. Following the sameargument,giventhe learneddecisionsurfaceandanunlabeled
samplez, we cansetathresholdon the magin of z for classificationIf z is closerto the surface
thenthe allowed threshold,we markis asunclassified.Again, the thresholdwill dependon the
relative costsof thedifferentoutcomes.

The basicintuition of large mawgin classifiersis developedin quite differentmannersn the
following two approaches.

2.3.1 Support Vector Machines

Supportvector madines(SVM) were developedin (Cortes& Vapnik 1995, Vapnik 1999). A
tutorial on SVMs canbefoundin (Burges1998). Theintuition for supportvectormachiness best
understoodn the exampleof lineardecisionrules. A lineardecisionrule canbe representetty a
hyperplanen RY suchthatall examplesontheonesideof the hyperplanerelabeledpositive and
all theexamplesontheothersidearelabelednegative. Of coursejn sufficiently high-dimensional
datawe canfind mary linear decisionrulesthat separatehe examples. Thus,we wantto find a
hyperplandahatis asfar avay aspossiblefrom all the examples.More precisely we wantto find
a hyperplandghat separatethe positve examplesfrom the negative ones,andalsomaximizesthe
minimumdistanceof the closestpointsto the hyperplane.

We now malke this intuition more concrete. A linear decisionrule can be representedby a
hyperplangn R™ suchthatall exampleson the one side of the hyperplaneare labeledpositive
andall the exampleson the othersidearelabeledasnegative. Sucha rule canberepresentethy
avectorw € RN andascalarb thattogetherspecifythe hyperplanew - z + b = 0. Classification



for anew examplez is performedoy computingsign(w - = + b). Recallthat| Z%2| is thedistance

[[w]]

from z totheline z - w 4+ b = 0. Thus,if all pointsin thetrainingdatasatisfy

thanall points are correctly classified,and all of them have a distanceof at least1/||w|| from
the hyperplane.We canfind the hyperplanethat maximizesthe magin of error by solving the
following quadratigprogram:

Minimize ||w||?
Subjectto l;(z; -w+b) > 1fori=1,...,m.

Suchquadraticprogramscanbe solvedin the dual form. This dualform is posedin termsof
auxiliary variablesy;. The solutionhasthe propertythat

w = Z a;li;,
i
andthus,we canclassifya new examplez by evaluating

In practice thereis arangeof optimizationmethodghatcanbeusedfor solvingthedualoptimiza-
tion problem.SeeBurges(1998)for moredetails.

The SVM dual optimizationproblemandits solutionhave several attractve properties.Most
importantly only asubsebf thetrainingexamplesdeterminehe positionof the hyperplanelntu-
itively, theseareexactly thesesampleghatareat a distancel /||w|| from the hyperplanelt turns
out that the dual problemsolutionassignsa; = 0 to all examplesthat are not “supporting” the
hyperplaneThus,we only needto storethesupportvectos z; for whicha; > 0. (Hencethename
of thetechnique.)

It is clearthatlinear hyperplanesare a restrictedform of decisionsurfaces. One methodof
learning more expressve separatingsurfacesis to project the training examples(and later on
gueries)into a higherdimensionalspace,andlearna linear separatoin that space. For exam-
ple, if ourtrainingexamplesarein R!, we canprojecteachinputvaluez to thevector(z, z%). A
linear separatoin the projectedspaces equivalentto aninterval in the original representationf
thetrainingexamples.

In generalwe canfix anarbitraryprojection® : RY — R to higherdimensionakpaceand
getmoreexpressve decisionsurfaces.However, it seemghatit requiresusto solve aharderSVM
optimizationproblem,sincewe now dealwith higherdimensionakpace.

Somaeavhat surprisingly it turnsout that the dual form of the quadraticoptimizationproblem
involvesonly inner productsof vectorsin RY (i.e., expressionf the form (®(z;), (z;))). In
otherwords,vectorsz; do not appearmutsidethe scopeof aninnerproductoperation.Similarly,
theclassificatiorrule (2) only examinesvectorsin R insidetheinnerproductoperation.Thus,if
we wantto considerary projection® : RY — R, we canfind anoptimalseparatindgyperplane
in thatprojectedspaceby solvingthequadratigoroblemwith innerproducts(®(z;), ®(z;)). Thus,
if we cancomputetheseinner productsthe costof the quadraticoptimizationproblemdoesnot
increasavith the numberof dimensionsn the projectedspace.
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Moreover, for mary projectionstherearekernelfunctionsthatcomputethe resultof theinner
product. A kernel functionk for a projection® satisfiesk(z,y) = (®(z), ®(y)). Givenalegal
kernelfunction,we canuseit without knowing or explicitly computingthe actualmapping®. For
mary projections,the kernelfunction canbe computedin time thatis linearin N, regardlessof
thedimension)M . For example kernelfunctionsof theform & (z, y) = ({x,y) + 1) computedot-
productsfor a projectionfrom R" to R(g), whereeachcoordinates a polynomialof degreep in
theoriginal coordinatesn R . Notethatin this example,alineardecisionsurfacein theprojected
spacecorrespondso a polynomialmanifoldof degreep in the original space.

To summarizejf we wantto learnexpressve decisionsurfaceswe canchooseakernelfunc-
tion, and useit insteadof the innerproductin the executionof the SVM optimization. This is
eguvalentto learningalinearhyperplanen the projectedspace.

In this work we considertwo kernelfunctions:

e Thelinearkernelk;(z,y) = (z,y).
e Thequadratikernelky(z,y) = ({(z,y) + 1)

Therationalfor usingthesesimplekernels,is thatsinceour input spaceis high dimensionalwe
canhopeto find a simpleseparatiorrule in thatspace . We thereforetestthe linear separatqrand
the next orderseparatoasa comparisorto checkif higherorderkernelscanyield betterresults.
Note that the quadratickernelis strictly more expressve thanthe linear one: ary decision
surfacethatcanberepresentewvith £, (-, -) canalsoberepresentedith ko(-, -). Nonethelesst is
not obviousthatthe moreexpressve representatiomwill alwaysperformbetter Givena largerset
of decisionsurfacesto choosdrom, this procedurds moresusceptibldgo overfitting, i.e. learning
adecisionsurfacethatperformswell on thetrainingdatabut performsbadlyon testdata.

2.3.2 Boosting

Boostingwasinitially developedasa methodfor constructinggood classifiersby repeatectalls
to “weak” learningproceduregFreund& Schapirel997,Schapirel990). The assumptions that
we have accesdo a “weak learner”thatgivena training setD, constructsa function fp(z). The
learneris weakin the sensehatthetraining seterroris only slightly betterthanthatof arandom
guess. Formally, we assumethat fp(x) classifiesat least1/2 + 1/poly(m) of the input space
correctly

In this paperwe usea fairly simpleweaklearney thatfinds simplerulesof the form:

seesna={ 4, B

wherez is anexpressiorprofile (e.g.,atissueto be classified),j is anindex of agene,z[j] is the
expressionvalue of the j’th genein the vectorz, t is a thresholdcorrespondingo genej, and
d € {+1,—1} is adirectionparameter Sucha rule is calleda decisionstump Givena dataset
D, we learndecisionstumpsby exhaustvely searchingall genesfor eachgenesearchingover all
thresholdsand directions,andfinally returningthe combinationthat hasthe smallestnumberof



errors?

Boostingusegheweaklearningprocedurdin our casethedecisionstumplearner}o construct
asequencef classifiersfy, ..., fi, andthenusesa weightedvote amongtheseclassifiers.Thus,
the predictionmadeby the boostingalgorithmhastheform :

h(x) = sign(Z w; f;())

wherew; aretheweightsassignedo theclassifiers.

The crux of the algorithmis the constructionof the sequencef classifiers. The intuition is
simple. Supposeéhatwe train the weaklearneron the original training data D to geta classifier
fi(z). Then,we canfind theexamplesin D thatareclassifiedncorrectlyby f;. We wantto force
thelearningalgorithmto give theseexamplesspecialattention.Thisis doneby constructinga nev
training datasetin which theseexamplesaregivenmoreweight. Boostingtheninvokesthe weak
learneron the reweightedtraining setandobtainsa new classifier Examplesarethenreweighted
again,andthe processs iterated. Thus,boostingadaptvely reweightstraining examplesto focus
onthe“hard” ones? In this paperwe usethe AdaBoostalgorithmof FreundandSchapirg1997).
This algorithmis describedn Figurel.

In practiceboostingis anefficientlearningproceduréhatusuallyhasa smallnumberof errors
ontestsets.Thetheoreticaunderstandingf this phenomenonsesanotionof maigin thatis quite
similar to the onedefinedfor SVMs. Recall,thatboostingclassifications madeby averagingthe
“votes”of mary classifiers Definethe mamgin of examplez; to be

J

By definition,we have thatif m; > 0, thenh(z;) = [;, andthusz; is classifiedcorrectly However,
if m; is closeto 0, thenthis classificationis “barely” made.On the otherhand,if m; is closeto 1,
thena large majority of the classifiersmake theright predictionon x;. The analysisof Schapire
et al. (1998)and Masonet al. (1999) shaws that the generalizatiorerror of boosting(and other
voting schemesilependn the distribution of magins of training examples.Schapireetal. also
showv that repeatedterationsof AdaBoostcontinually increasethe smallestmaigin of training
examples. This is contrastedwith othervoting schemeghat are not necessarilyincreasingthe
maigin for thetraining setexamples.

3 Evaluation

In the previous sectionwe discussedeveral approachesor classification.In this sectionwe ex-
aminetheir performancepn experimentaldata.

2Notethatfor eachgene we needto consideronly m rules,sincethe genetakesat mostm differentvaluesin the
trainingdata.Thus,we canlimit our attentionto mid-way pointsbetweerconsecutie valuesattainedoy the j'th gene
in thetrainingdata.

3More precisely boostingdistortsthe distribution of the input samples.For someweak learners ik e the stump
classifier this canbe simulatedby simply reweightingthe samples.
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Input:

¢ A datasetof m labeledexamples{(zi,11),. .., (Zm,ln)}
e A weaklearningalgorithm L.

Initialize: thedistribution over the dataset:
Dy(z;) =1/mfori=1...m

Iterate:fort =1,2,...,T

e Call L with distribution D;; Getbacka hypothesish,.
e Calculatetheerrorof h;:

6@ = f:mxi)l{zi # hy(z:)}

e Setw; = %loglz—:t
e Setthenew distributionto be:

Dy (2;) o Dt(xi)ewtliht(wi)

suchthat D, ; will sumto 1.

Output: Thefinal hypothesis

h(z) = Sign(z wihy(z))

t=1

Figurel: ThegenericAdaBoostalgorithm.In our settingwe usetheweaklearnerL is aprocedure
thatsearchesor a decisionstumpthathasthe smallestweighted)erroron the training data(with
weightsdefinedby D;). Thefinal outputof AdaBoostin this caseis a weightedcombinationof

decisionstumps.
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3.1 Data Sets

Descriptionsof thethreedatasetsstudiedfollow. Thefirst two datasetsinvolve comparingtumor
andnormalsampleof the sametissue while thethird datasetinvolvessampledrom two variants
of thesamedisease.

Colon cancerdata set This datasetis a collectionof expressiormeasurementisom colon
biopsy samplesreportedby Alon et al. (1999). The dataset consistsof 62 samplesof colon
epithelialcells. Thesesamplesverecollectedfrom colon-cancepatients. The “tumor” biopsies
were collectedfrom tumors,andthe “normal” biopsieswere collectedfrom healthypartsof the
colonsof the samepatients.The final assignmentsf the statusof biopsysamplesveremadeby
pathologicalexamination.

Geneexpressiorievelsin these62 samplesveremeasuredisinghigh densityoligonucleotide
arrays. Of thex~ 6000 genesrepresentedh thesearrays,2000geneswvere selectedbasedon the
confidencan the measureaxpressionevels. The data,62 samplesover 2000genesds available
athtt p: / / ww. nol bi o. pri ncet on. edu/ col ondat a.

Ovarian cancer data set. This datasetis a collectionof expressionmeasurementsom 32
samples:15 ovary biopsiesof ovariancarcinomas;13 biopsiesof normalovaries,and4 samples
of othertissues.Thus,the datasetconsistsof 28 sampledabeledastumor or normal. Geneex-
pressiorlevelsin these32 samplesveremeasuredisinga membrane-baseatraywith radioactve
probes. The array consistedof cDNAs representingapproximatelyl00,000clonesfrom ovarian
clonelibraries.For someof thesamplestherearetwo or threerepeatedhybridizationdor erroras-
sessmentdn thesecasesyve collapsedherepeateaxperimentsnto oneexperimentrepresented
by theaverageevel of expression.

Leukemia data set. This datasetis a collection of expressionmeasurementseportedby
Golubetal. (1999). Thedatasetcontains/2 samples.Thesesamplesaredividedto two variants
of leukemia: 25 sampleof acutemyeloidlieukemia(AML) and47 sampleof acutelymphoblastic
leukemia(ALL). The sourceof the geneexpressionrmeasurementwastakenfrom 63 bonemar
row samplesand 9 peripheralblood samples.Geneexpressionlevelsin these72 sampleswvere
measuredising high densityoligonucleotidemicroarrays. The expressionlevels of 7129 genes
arereported.Thedata,72 samplesover 7129geness availableatht t p: / / ww. genone. wi .
m t. edu/ MPR.

3.2 Estimating Prediction Err ors

Whenevaluatingthe predictionaccurag of the classificationmethodswe describedabove, it is
importantnotto usethetraining error. Mostclassificatiormethodswill performwell onexamples
they have seenduringtraining. To getarealisticestimateof performancef the classifier we must
testit on examplesthat did not appeairin the training set. Unfortunately sincewe have a small
numberof exampleswe cannotremove a sizeableportionof thetrainingsetanduseit for testing.

A commonmethodto testaccuray in suchsituationds cross-validation To applythismethod,
we partitionthedatainto k& setsof samples(, . . ., Cy (typically, thesewill beof roughlythesame
size). Then,we construcia datasetD; = D — C;, andtesttheaccurag of fp, () onthesamplesn
C;. Having donethis for all 1 < 7 < k we estimatethe accurag of the methodby averagingthe
accurayg overthek cross-alidationtrials.
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Cross-alidationhasseveralimportantproperties First,thetrainingsetandthetestsetin each
trial aredisjoint. Secondthe classifieris testedon eachsampleexactly once.Finally, thetraining
setfor eachtrial is (k — 1) /k of theoriginal dataset. Thus,for largek, we getarelatively unbiased
estimateof the classifierbehaior givenatrainingsetof sizem.

Thereare several possiblechoicesof k. A commonapproachs to setk = m. In this case,
every trial removesa singlesampleandtrainson therest. This methodis known asleaveoneout
crossvalidation (LOOCV). Othercommonchoicesarek = 10 or £k = 5. LOOCV hasbeenin
usesinceearly daysof patternrecognition(e.g.,(Duda& Hart 1973)). In somesituations,using
largerpartitionsreducegshevarianceof the estimatorgsee(Kohavi 1995)).In thiswork, sincethe
numberof sampless small,we useLOOCV.

Tablel liststheaccurag estimategor the differentmethodsappliedto the threedatasets.As
we cansee the clusteringapproactperformssignificantlybetterthanthe otherapproachesn the
colon cancerdataset, but not so on the ovarian datasets. AdaBoostperformsbetterthan other
methodson the leukemia and overian datasets. We can also seethat quadraticSVM doesnot
performaswell asthelinear SVM, probablybecauset overfitsthe training data. The samephe-
nomenoroccursin Adaboostwherethe classifiersareslightly moreaccurateafter 100iterations
thanafter 10000iterations.

3.3 ROC Curves

Estimateof classificatioraccurayg give only a partialinsighton the performancef a method.In
our evaluation,we treatedall errorsashaving equalpenalty In mary applicationshowever, errors
have asymmetrioveights.For ageneraldiscussiorof risk andlossconsiderationg classification
see,e.q, (Ripley 1996). To setterminologyfor our particularcase ,we distinguishfalse positive
errors- normaltissuesclassifiedastumor, andfalse negative errors- tumor tissuesclassifiedas
normal. In diagnosticapplicationsfalsenegative errorscanbe detrimental while falsepositves
may betolerated(sinceadditionaltestswill be performedonthe patient).

To dealwith asymmetriaveightsfor errors,we introducethe confidencgparameter 5. In clus-
teringapproacheshe modifiedprocedurdabelsa querysampleastumorif theclustercontaining
it hasatleasta fraction g of tumors. In asimilar manneywe canintroduceconfidenceparameters
for SVM andboostingapproachesy changingthe thresholdmargin neededor positive classifi-
cation.

ROC curvesareusedo evaluatethe“power” of aclassificatiormethodfor differentasymmetric
weights(see,for example,(Swets1988)). A ROC curwe plotsthe tradeof betweerthetwo types
of errorsastheconfidencgparametevaries.Eachpointonthetwo dimensionaturve corresponds
to a particularvalue of the confidenceparameter The (z,y) coordinatesof a point represent
the fractionsof negative and positive samplesthat are classifiedas positive with this particular
confidenceparameter The extremeendsof the curves are the moststrict and most permissve
confidencevalues:with thestrictestconfidenceraluenothingis classifiedaspositive, putting (0, 0)
onthecurve; with themostpermissve confidencesalueeverythingis classifiedaspositive, putting
(1,1) onthecurve. Thepathbetweerthesetwo extremesshavs how flexible the procedurés with
respectto trading-of errorrates. The bestcasescenariois that the path goesthroughthe point
(0,1). Thisimpliesthatfor someconfidenceparameterall positvesareclassifiedaspositive,and
all negativesareclassifiedasnegative. Thatis - the procedurecanbe madevery strict with respect
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Table1: Summaryof classificationperformanceof the differentmethodson the threedatasets.
The tablesshows the precentof sampleghat were correctly classified,incorrectly classfied and
unclassfiedy eachmethodin the LOOCYV evaluation.Unsupervisedabelsfor maigin basedlas-
sifier weredecidedby a fixedthresholdon classificatiormargin: in SVM, 0.25, andin Adaboost,
0.05.

Dataset Method Percent
correct incorrect unclassified
Colon
Clustering 88.7 11.3 0.0
NearestNeighbor 80.6 194 0.0
SVM, linearkernel 77.4 12.9 9.7
SVM, quad.kernel 74.2 14.5 11.3
Boosting,100iter. 72.6 17.7 9.7
Boosting,1000iter. 72.6 17.7 9.7
Boosting,10,000iter. 71.0 194 9.7
Ovarian
Clustering 42.9 17.9 39.3
NearestNeighbor 71.4 28.6 0.0
SVM, linearkernel 67.9 3.6 28.6
SVM, quad.kernel 64.3 3.6 32.1
Boosting,100iter. 89.3 10.7 0.0
Boosting,1000iter. 85.7 10.7 3.6
Boosting,10,000iter. 85.7 14.3 0.0
Leukemia
NearestNeighbor 91.6 8.4 0.0
SVM, linearkernel 93.0 1.4 5.6
SVM, quad.kernel 94.4 1.4 4.2
Boosting,100iter. 95.8 2.8 1.4
Boosting,1000iter. 95.8 2.8 1.4
Boosting,10,000iter. 95.8 2.8 1.4
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Figure2: ROC curvesfor methodsappliedto the coloncancemataset. The z-axisshowvs percent-
ageof negative examplesclassifiedaspositives,andy-axisshows percentagef positve examples
classifiedas positive. Eachpoint alongthe curve correspondgo the percentageachiered at a
particularconfidencehresholdvalueby the correspondinglassificatiormethod.Error estimates
arebasedn LOOCV trials.

to falsepositive error, with no falsenegative priceto pay. ROC curveswith largeareasunderneath
meanthathigh falsepositive stringenciesanbe obtainedwithout muchof afalsenegative price.

In Figure 2 we plot the ROC curvesfor clustering,SVM and boostingon the colon cancer
dataset. As we cansee,thereis no cleardominationamongthe methods.(The only exception
is SVM with quadratickernelthatis consistentlyworsethanthe othermethods.)The clustering
procedureis dominantin the region wheremisclassificatiorerrorsof both typesare roughly of
the sameimportance . However, SVM with linearkernelandboostingare preferablan regionsof
highly asymmetricerror cost (both endsof the spectrum). This may be dueto the fact thatthe
matchingcoeficient score(seeSection2.2), which determineghe clustergranularity treatsboth
typesof errorsashaving equalcosts.

4 GeneSelection

It is clearthatthe expressionlevels of mary of the genesthat are measuredn our datasetsare
irrelevant to the distinction betweentumor and normaltissues. Taking suchgenesinto account
during classificationincreaseshe dimensionalityof the classificationproblem, presentscompu-
tationaldifficulties, andintroducesunnecessarpoiseto the process.Anotherissuewith a large
numberof geness the interpretability of the results. If the “signal” that allows our methodsto
distinguishtumor from normaltissuesis encodedn the expressionlevels of few genesthenwe
might be ableto understandhe biological significanceof thesegenes. Moreover, a major goal
for diagnosticresearchs to developdiagnostigoroceduredasedon inexpensve microarrayshat
have enoughprobesto detectdiseasesThus, it is crucialto recognizewvhethera small numberof
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genescansuffice for goodclassification.

The problemof featute selectionrecevedathoroughtreatmenin patternrecognitionandma-
chinelearning. The geneexpressiordatasetsareproblematian thatthey containa large number
of genedfeaturesyandthusmethodgshat searchover subset®f featurescanbe prohibitively ex-
pensve. Moreover, thesedatasetscontainonly a small numberof samplesso the detectionof
irrelevantgenescansuffer from statisticalinstabilities.

4.1 The TNoM Score

To addresgheseissuesye utilize measure®f “relevance”of eachgene.In particular we focus
on a quantity we call the thresholdnumberof misclassificatioror TNoM scoe of a gene. The
intuition is that an informative genehas quite different valuesin the two classegnormal and
tumor),andthuswe shouldbe ableto separateheseby a thresholdvalue. Formally, we seekthe
bestdecisionstumpfor that gene(asdefinedin Section2.3.2),andthencountthe classification
errorsthis decisionstumpmakeson thetrainingexamples.

Recallthatwe describea decisionstumprule by two parameterd, and¢. The predictedclass
is simply sign(d(z — t)). Thenumberof errorsmadeby a decisionstumpis definedas

Err(d,t|g,1) =3 1{l # sign(d - (zg] — 1))},

wherez;[g] is theexpressiorvalueof geney in thei’th sampleandi; is thelabelof thei’th sample.
The TNoM scoreof ageneis simply definedas:

TNoM(g,l) = n{}itnErr(d,t | g,1),

thenumberof errorsmadeby the bestdecisionstump.Theintuition is thatthis numberreflectsthe
guality of decisionamadebasedn the expressionevelsof this gene.

Notethattheexpressvenes®of decisionstumprulesis severelylimited. Thus,moreexpressve
gueriesaboutthe genes expressionlevel (e.g.,whetherit is within a particularrange)might be
more useful for predictingthe label of the tissue. However, if we are interestedn geneswith
significantover-expressioror underexpressionn oneof thelabels,thensucha thresholdshould
separatehetwo groups.

4.2 Evaluating the Significanceof a Gene

An immediatequestionto askis whethergeneswith low TNoM scoresareindeedindicative of
the classificationof expression.In otherwords,we wantto testthe statisticalsignificanceof the
scoresof the bestscoringgenesin our dataset. Oneway to evaluatethe significanceof such
resultsis to testthemagainsrandomdata.More explicitly: we wantto estimatehe probability of
agenescoringbetterthansomefixedlevel s in randomlylabeleddata. This numberis the p-value
correspondingo the givenlevel s. Geneswith very low p-valuesare very rarein randomdata
andtheir relevanceto the studiedphenomenoiis thereforelik ely to have biological, mechanistic
or protocolreasonsGeneswith low p-valuesfor which thelattertwo optionscanberuled out are
interestingsubjectdor furtherinvestigatiorandareexpectedo give deepeinsightinto thestudied
phenomena.
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Let {—, +}™?) denoteall vectorswith n '—' entriesandp '+’ entries(the normal/cancese-
manticis onepossibleinterpretation).Let v be a vectorof labels. Also let g be a vectorof gene
expressiorvalues.The TNoM scoreis afunctionthattakesg andu andreturnsthe scoreof g with
respecto labelingu.

We wantto computethe p-valueof a scoreon a particulargene.We assumehatthe vectorof
geneexpressiorvaluesy is fixed, andconsiderandomlabel assignmentsLet U, , be arandom
vectordrawvn uniformly over { —, +}("?), Thep-valueof ascores is then

pVal(s : g,n,p) = Prob(TNoM (g, Un,) < s). (3)

We assumewithoutlossof generalitythatthevaluesin g appeain ascendingrder Notethat
the TNoM scoreis insensitve to theactualdistancebetweerconsecutre expressionvaluesof the
gene. Thus,whenwe examinep-values,we do not needto examinethe specificsof g. Therefor
we canusethe shorthandg Val(s : n, p) and TNoM (u).

The combinatorialcharacterof TNoM makesit amenableo rigorouscalculations. We now
describearecursie procedurghatcomputesheexactdistribution of TNoM scoresn {—, +}(p),
We startby definingthetwo one-sidedTlNoM scores:

Definition 4.1 Letv € {—, 4+}*). Define:
#of +sin U1y +eey Vg
s T(v) = min + :
t=0...n+p .
#of —sin viy1, ...y Unip
andsymmetrically:
#of —sinwvy,...,v;
st (v) = _min +
TP #0f 45N Vi1, e Unag
Intuitively, s~ (v) is the scoreof the labelingv whenwe only examinedecisionstumpsin which
valuesabove the thresholdarelabeled+ andvaluesbelow thethresholdarelabeled—. (Thatis,
the d coeficient is positive). Similarly, s™~(v) is the scoreof the labelingwhenwe imposethe

symmetricconstraint.
Thefollowing simplepropositionis the basisof therecursve step:

Proposition4.2 Letv € {—, +}™?). Thee are two cases:
1. if v = u+, foru € {—, +}@=1) then
stT=(w)+1 ifst(u) <

o={ 30 R

and
s F(v) =5 "(u),

2. ifv =u—, foru € {—,+}{(»=D») then

and



Supposewe are now interestedin computingall TNoM scoredistributions for the spaces
{—,+}™P) wheren rangesfrom 0 to v andp rangesfrom 0 to 7. We definean array T as
follows

3_+(U) = S
T(n7p7 87 t) = v e {—’ +}(n1p) : and
sTT(v) =t

Contrikutionsto T'(n, p, s, t) comefrom vectorsin {—, +}({(»=1):») py concatenating — andfrom
vectorsin {—, +}((®-1) py concatenating +. Proposition4.2 indicatesthe size of eachsuch
contributionin the variouscasesandwe obtainthefollowing recursionformula:

T(n,p,s,t) = T(n,p—1,s,t—1)+
T(n—1,p,s —1,t) +
1[t = n] : T(nap - 1,8,7’L) +
l[Szp]T(TL—l,p,p,t), (4)
wherel[t = n] is 1iff ¢ = n and0 otherwise.

Initial conditionsfor this recursve calculationaretrivially set. To obtainthe explicit distribu-
tion andthusthe p-valueswe usethefollowing formula:

T(n,p,s,8)+2-Yss T(n,p,s,t)

("7

Prob (TNoM (U, p) = s) =

4.3 Informative Genesin Cancer Data

Considera setof actuallabeledgeneexpressiordata,suchasthe oneswe describedaborve. It
is beneficialto give somequantitatve scoreto the abundanceof highly informative geneswith
respectto the given labeling. Figure 3 depictsa comparisonbetweenthe expectednumberof
genesscoringbetterthana given thresholdandthe actualnumberfoundin the data. As we can
see,the numberof highly informative geness well above the expectednumberaccordingto the
null-hypothesis.

To evaluatethe biologicalmeaningof the high scoringgeneswe have orderedthe genesn the
datasets,accordingo their TNoM scoresandexaminedthegenesatthetop of thelist (thosewith
betterTNoM scores) AppendixA liststhe high-scoringgenesn thecolonandleukemiadatasets.

Amongthetopscoringgeneg T’NoM < 1) in thecoloncancematasettherearea numberof
geneghatareinterestingfrom the perspecitie of a potentialinvolvementin tumorigenesisnclud-
ing, for example,genesnvolvedin cell cycle regulationandangiogenesisTherewerealsogenes,
for example(D63874)HMG-1 (human)and(T55840)tumorassociate@ntigenL6 (human),that
have previously beenfoundto have a particularassociatiowith colorectalcarcinomagSchiedeck
etal. 1998, Xiang etal. 1997).

Amongthetop scoring137 clonesin the ovariancancerdata,thereare85 clonesthatmatch8
cancerelatedgenegpotentialmarkersor expressedn cancercells)andonegenethatis relatedto
increasednetabolicrate(mitochondrialgene).The8 genesarekeratinl8 (breastcancer) pyruvate
kinasemuscle2 (hepatoma)thymopoietin(cell proliferation),HE4 (ovariancancer) SLPI (mary
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Figure3: Comparisorof the numberof significantgenesn actualdatasetsto the expectednum-
ber underthe null-hypothesis(randomlabels). The z-axis denotesp-value and the y-axis the
numberof genes. The expectednumberof geneswith score TNoM betterthan a given s is
Prob(TNoM(U,,) < s) - (#of gene$. Graphs(a) and (b) shav resultsfrom the Colon data
set. Graphs(c) and(d) shav resultsfrom the Leukemiadataset. The graphson the left, (a) and
(c), shov thewholesignificancerange andthegraphsontheright, (b) and(d), show thetail of the
distribution (p-valuesarein log-scale).

differentcancersamongthemlung, breastoropharyngealbladder endometrialpvarianandcol-

orectalcarcinoma)ferritin H (ovariancancer)collagenlAl (ovariancancey osteosarcomaer

vical carcinoma)and GAPDH (cancersof lung, cervix andprostate).In addition, 2 cloneswith

no homologyto a known genearefoundin this selection.Giventhe high numberof cancerelated
genesn thetop 137, it is likely thatthesenovel genesexhibit a similar cancefrelatedbehaior.

We conductedexpressionvalidationfor GAPDH, SLPI, HE4 andkeratin 18 which confirmedthe
elevatedexpressionin someovariancarcinomasomparedo normalovariantissues.

4.4 Classifyingwith SelectedSubsets

When using geneselection,we needto pre-processhe training datato selectgenes. Then,the
classificatiorproceduras appliedusingthetrainingdatarestrictedto the subsebf selectedyenes.
Thegeneselectionstageis givena parametek, which determineghelargesterrorscoreallowed.
It thenselectsall geneghathave a smalleror equalerrorscoreon thetraining data.Alternatively,
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a p-value approachcanbe taken: all geneswith scoreswhich arevery rarein randomdataare
selected.

To evaluateperformancewith geneselection,we have to be carefulto jointly evaluateboth
stageof the process:geneselectionandclassification.Thus,in eachcross-alidationtrial, gene
selectionis applied basedon the training examplesin that trial. Note, that since the training
examplesaredifferentin differentcrossvalidationtrials, we expectthe numberof selectedyenes
to dependonthetrial.

Figure4 describeghe performancef someof the methodswve discusse@bore whenwe vary
the stringeny of the selectionprocess.

In the colondataset,geneselectioneadsto mixedresults.Somemethodssuchasclustering,
performslightly worsewith fewer geneswhile others,suchasSVM, performbetterwith smaller
setof genesOntheotherhand,in theovariandataset,geneselectionleadsto impressveimprove-
mentin all methods All methodgperformwell in theregion betweerthreshold3 (avg. 173clones)
to 6 (avg. 4375clones).Note thatboth Boostingand SVM performwell evenwith fewer clones.
In the leukemiadataset, geneselectionslightly improved the performanceof AdaBoost(which
performedwell with all the genes)andsignificantlyimprovedthe performanceof othermethods
(betweerthresholdof 11to 13 TNoM score).

Figure 5 shavs ROC curwves for Clusteringapproach,Boosting, and quadraticSVM with
thresholdof 3 (linear SVM hassimilar curve to quadraticSVM, andthuswas not plotted). As
we cansee althoughall methodshave roughlythe sameaccurag with this subsef genestheir
ROC profileis strikingly different. Thesecurvesclearly shav thatthe Clusteringapproachmakes
falsepositive errors,while all the otherapproachemake falsenegative errors.

It is instructve to comparehe TNoM scoresof genego othermethoddor selectinggenesin
particular we notethatthe AdaBoostprocedures effectively a geneselectionmethod. In each
iterationthe AdaBoostprocedureselectsa stumpclassifiethatexamineshe expressionvalueof a
singlegene.Thus,we canevaluatethe importanceof a genein the AdaBoostclassificatiorby the
weightassignedo decisionstumpsthatqueriesthevalueof thatgene.Figure6 shovs a compari-
sonof geneAdaBoostweightsto TNoM scores As we cansee the highestweightgeneshave low
TNoM scoresln theleukemiadatasetwe alsoseethatthereis a correlationbetweergeneweight
andthe TNoM score.Notethatin this dataset,AdaBoostis very effective without additionalgene
selection.Ontheotherhand,in the colondataset,AdaBoosts performances improvedwhenwe
remove geneswith high TNoM score. We notethatin generalthe AdaBoostproceduredoesnot
useall of the geneswith low TNoM score. This suggestshatthereis a significantoverlapin the
informationthatthesegenesconvey aboutthe classification.

5 SampleContamination

Cancerclassificationbasedon array-basedeneexpressionprofiling may be complicatedoy the
factthatclinical samplese.g.tumorvs. normal,will likely containamixtureof differentcell types.
In addition,thegenomidnstabilityinherentn tumorsamplesnayleadto alargedegreeof random
fluctuationsin geneexpressionpatterns. Although both the biological and geneticvariability in

tumorsampleshave the potentialto leadto confusinganddifficult to interpretexpressiorprofiles,
geneexpressionprofiling doesallow usto efficiently distinguishtumor and normalsamplesas
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Figure5: ROC curvesfor threemethodghatareappliedto the ovariandatasetwith TNoM score
thresholdsetto 3

we have seenin the previous sections.However, the presencef differentcell typeswithin and

betweensamplescould leadto identificationof genesthat strongly affect clusterformation but

which mayhavelittle to dowith theprocesseingstudied,n thiscase¢umorigenesiskor example,
in the caseof the coloncancerdatasetpresentedbove, a large numberof muscle-specifigenes
wereidentifiedasbeingcharacteristiof normalcolon samplesothin our clusteringresultsand

in the resultsof Alon etal. (1999). This is mostlikely dueto a higherdegreeof smoothmuscle
contaminationn the normalversusumorsamples.

Thisraisegheconcerrthatour classificatiormaybe biasedby the presenc®f musclespecific
genes.To testthis hypothesiswe attemptedo constructdatasetsthat avoid genesthatare sus-
pectedn introducingbias.We listedthetop 200errorscorerankinggenesn thecoloncancemdata
set,andidentifiedmuscle-specifigenes.Theseinclude(J02854)myosinregulatorylight chain2,
smoothmuscleisoform (human);(T60155)actin, aortic smoothmuscle(human);and (X12369)
tropomyosinalphachain, smoothmuscle(human)thatare designatedas smoothmuscle-specific
by Alon etal.sanalysisand(M63391)desmin(human),completecds;(D31885)muscle-specific
EST (human);and (X7429) alpha7B integrin (human)which are suspectedo be expressedn
smoothmusclebasedon literaturesearches.

An additionalform of “contamination”is dueto the high metabolicrate of the tumors. This
resultsin high expressiornvaluesfor ribosomalgenes.Although suchhigh expressionevels can
be indicative of tumors,sucha finding doesnot necessarilyprovide novel biological insightinto
the processnor doesit provide a diagnosticdool sinceribosomalactuity is presentn virtually all
tissues.Thus,we alsoidentifiedribosomalgenesn thetop 200scoringgenes.

Figure 7 shaws the performanceof the clusteringapproachon threedatasets: the full 2000
genedataset,a datasetwithout musclespecificgenesanda datasetwithout both musclespecific
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Figure6: Comparisorof theweightassignedo genesn the AdaBoostclassificationwithoutgene
selection)andthe TNoM score.Eachpointin the scatterplot corresponds$o a gene. The z-axis
denoteghe TNoM scoreof the gene,andthe y-axis the weight associatedvith all the decision
stumpsthatquerythe genes expressiorvaluein theclassifiedearnedoy AdaBoost.

andribosomalgenes As thelearningcurvesshaw, theremoval of genesaffectstheresultsonly in

casesisingthesmallessetsof genesFromerrorscorethresholdof 10 (avg. 9.1genespndhigher,

thereis no significantchangein performancdor the procedure.Thus, althoughmusclespecific
genescanbehighly indicative, the classificatiorprocedureerformswell evenwithout relying on

thesegenes.

Although the musclecontaminatiordid not necessarilyalter the ability of this genesetto be
usedto classifytumorvs. normalsamplesn this casejt will continueto beimportantto account
for possibleaffectsof tissuecontaminatioron clusteringandclassificatiorresults. Experimental
designghatincludegeneexpressiomprofilesof tissueand/orcell culturesamplesepresentatie of
typesof tissuecontaminant&nown to beisolatedalongwith differenttypesof tumorsamplegfor
exampleseePerouet al. (1999)),canbe utilized to help distinguishcontaminangeneexpression
profilesfrom thoseactuallyassociatedavith specifictypesof tumorcells.

6 Conclusions

In this paperwe examinedthe questionof tissueclassificatiorbasedn expressiordata.Our con-
tribution is four-fold. First, we introduceda new clusterbasedapproactfor classification.This
approachbuilds on clusteringalgorithmsthat are suitablefor geneexpressiondata. Secondwe
performedrigorousevaluationof this method,and of known methodsfrom the machinelearn-
ing literature. Theseinclude large magin classificationmethods(SVM and AdaBoost)andthe
nearest-neighbanethod. Third, we highlightedtheissueof samplecontaminatiorandestimated
the sensitvity of our approacho samplevariability. Differencesn tissuebiopsiescouldtheoret-
ically affect the quality of any given classificationmethod. Studyingthis issue,we obsered no
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Figure7: Curvesshowing the predictive performanceof clusteringmethodsin the original Alon
et al. dataset, and datasetswhere musclespecific,and ribosomalgeneswere removed. All
estimatesare basedon LOOCYV evaluation. Theseresultsshov that even without the obvious
contaminationspur methodsaresuccessfuin reliably predictingtissuetype.

significantcontaminatingissuebiasin the coloncancerdataset. Finally, we investigatedheissue
of geneselectionin expressiondata. As our resultsfor the ovariandatasetshaw, alarge number
of clonescanhave a negative impacton predictve performance.We showved that a fairly sim-
ple selectionprocedurecanleadto significantimprovementsn predictionaccurag. In addition,
we derived an efficient dynamicprogrammingmethodfor computingexact p-valuesfor a genes
TNoM score.

The work reportedhereis closely relatedto two recentpapers. First, Golub et al. (1999)
(seealso(Slonimetal. 2000))examineda scoringrule to selectinformative genesandperformed
LOOCV experimentdo testa voting basedclassificatiorapproach Althoughtheir scorefor gene
selectionandtheir classificationmethodare differentthanours, their main conclusionsare quite
similar in thatthey get good classificationaccurag with relatvely small numberof genes.Our
resultson the samedataset (leukemia) are comparableor better Theseresultsemphasizehe
conclusionthat the two leukemiaphenotypegALL andAML) arewell seperatedn expression
data.

Second,Brown et al. (1999) usesupportvector machinesn the context of geneexpression
data. In contrastto our approachthey attemptto classifythe genesratherthensamples.Thus,
they dealwith the dual classificationproblem. The characteristic®f their classificationproblem
arequite different: mary examples(i.e., thousand®f genes)andfew attributes(i.e., expression
in differentsamples). We notethatsomeof the approachesve usedin this work (e.qg.,clustering
basedclassification)might be applicableto this dual classificatiorproblemaswell.
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As notedabove, the geneselectionprocesswve exploredin this paperis quite simplistic. In
particular it was basedon scoringsingle genesfor relevance. Thus, the processmight select
several genesthat corvey the sameinformation, and might ignore genesthat add independent
information. We are currently studyingmore direct approacheso the selectionof informative
setsof genes.ldentifying setsof genesthat give rise to efficient learnedclassifiersmight reveal
previously unknavn diseaseelatedgenesandguidefurtherbiologicalresearch.
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A Top Scoring Genes

A.1 Colon CancerData Set

TNoM  Gene Description

7 M63391 Humandesmingenecompletecds.
8 M26383 Humanmonogte-derved neutrophil-actiating protein(MONAP) mMRNA, completecds.
9 R87126 19737IMYOSINHEAVY CHAIN, NONMUSCLE (Gallusgallus)
9 M76378 Humancysteine-richprotein(CRP)gene exons5 and6.
9 M76378 Humancysteine-richprotein(CRP)gene exons5 and6.
9 M22382 MITOCHONDRIAL MATRIX PROTEIN P1PRECURSORHUMAN);.
9 J05032 Humanaspartyl-tRM synthetas@lpha-2sutunit mRNA, completecds.
10 M76378 Humancysteine-richprotein(CRP)geneexons5 and6.
10 R36977 26045P03001TRANSCRIPTIONFACTORIIIA ;.
10 H40095 175181IMACROPHAGE MIGRATION INHIBIT ORY FACTOR (HUMAN);.
10 J02854 MYOSIN REGULATORY LIGHT CHAIN 2, SMOOTH MUSCLE ISOFORM (HUMAN);contains element
TAR1 repetitve element,.
11 HO08393 45395COLLAGENALPHA 2(XI) CHAIN (Homosapiens)
11 X12671 Humangenefor heterogeneousuclearibonucleoproteithnRNP)coreproteinAl.
11 T96873 121343HYPOTHETICAL PROTEIN IN TRPE)
11 X63629 H.sapiensnRNA for p cadherin.
11 U25138 HumanMaxiK potassiunthannebetasutunit mRNA, completecds.
11 T71025 84103Human(HUMAN);.
11  T92451 118219TROPOMYOSIN, FIBROBLAST AND EPITHELIAL MUSCLE-TYPE(HUMAN);.
11 U09564 HumanserinekinasemRNA, completecds.
11 R64115 139618ADENOSYLHOMOCYSTEINASE (Homosapiens)
12 R42501 29607INOSINE-5-MONOPHOSPHAE DEHYDROGENASE 2 (HUMAN);.
12 T86473 114645NUCLEOSIDEDIPHOSPHAE KINASEA (HUMAN);.
12 T47377 71035S-100PPROTEIN (HUMAN).
12 X14958 Humanhmgl mRNA for high mobility groupproteiny.
12 D31885 HumanmRNA (KIAA0069) for ORF (novel proetin),partialcds.
12 M36634 Humanvasoactie intestinalpeptide(VIP) mRNA, completecds.
12 X86693 H.sapiensnRNA for hevin like protein.
12 T60778 76539MATRIX GLA-PROTEIN PRECURSORRAattusnonegicus)
12 U29092 Humanubiquitin conjugatingenzymemRNA, completecds.
12 X54942 H.sapienskshs2mRNA for Ckslproteinhomologue.
12 T60155 81422ACTIN, AORTIC SMOOTH MUSCLE (HUMAN);.
12 M36981 Humanputatve NDP kinase(nm23-H2S)mRNA, completecds.
12 T79152 11354560SRIBOSOMAL PROTEIN L19 (HUMAN);.
13 X53586 HumanmRNA for integrin alpha6.
13 H43887 183264COMPLEMENTFACTOR D PRECURSORHomosapiens)
13 X56597 HumanhumFibmRNA for fibrillarin.
13 H77597 214162H.sapiensnRNA for metallothioneifHUMAN);.
13 M26697 Humannucleolarprotein(B23) mRNA, completecds.
13 X70326 H.sapiensMacMarcksmRNA.
13 R08183 127228Q0498410KD HEAT SHOCKPROTEIN, MITOCHONDRIAL ;.
13 R52081 40295TRANSCRIPTIONAL ACTIVATOR GCN5(Saccharomyceserevisiae)
13 T95018 12003240SRIBOSOMAL PROTEIN S18(Homosapiens)
13 X12466 HumanmRNA for snRNPE protein.
13 749269 H.sapiengienefor chemokineHCC-1.
13 X62048 H.sapiendVeelhugene.
13 T61609 78081LAMININ RECEPTOR (HUMAN);.
13 T67077 66563SODIUM/POTASSIUM-TRANSPORING ATPASE GAMMA CHAIN (Ovis aries)
13 U19969 Humantwo-handedincfingerproteinZEB mRNA, partialcds.
13 X15183 HumanmRNA for 90-kDaheat-shoclprotein.
13 T57633 7546740SRIBOSOMAL PROTEIN S8(HUMAN).
13 M91463 Humanglucosetransporte(GLUT4) gene,completecds.
13 D29808 HumanmRNA for T-cell acutelymphoblastideukemiaassociate@ntigenl (TALLA-1), completecds.
13 T51023 75127HEAT SHOCKPROTEIN HSP90-BETA (HUMAN).
13 H87135 252431IMMEDIATE-EARLY PROTEIN IE180(Pseudorabiesgirus)
13 T83368 116679MEMBRANE COFACTOR PROTEIN PRECURSORHomosapiens)
13 T51529 72384ELONGATION FACTOR 1-DELTA (Artemiasalina)
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TNoM  Gene Description
14 U30825 HumansplicingfactorSRp30amRNA, completecds.
14 750753 H.sapiensnRNA for GCAP-Il/uroguaglin precursar
14 U32519 HumanGAP SH3bindingproteinmRNA, completecds.
14 R84411 194660SMALL NUCLEAR RIBONUCLEOPROTEIN ASSOCIATED PROTEINS B AND B’ (HUMAN);.
14 H40560 175410THIOREDOXIN (HUMAN);.
14 T62947 7936660SRIBOSOMAL PROTEIN L24 (Arabidopsisthaliana)
14 T51571 72250P24480CALGIZZARIN.
14 X55715 HumanHums3mRNA for 40Sribosomalproteins3.
14 T52185 71940P1707440SRIBOSOMAL PROTEIN.
14 D63874 HumanmRNA for HMG-1.
14 749269 H.sapiengenefor chemokineHCC-1.
14 U17899 HumanchloridechanneregulatoryproteinmRNA, completecds.
14 L41559 Homosapiengterin-4a-carbinolamindehydrataséPCBD)mRNA, completecds.
14 H64489 238846LEUKOCYTEANTIGEN CD37(Homosapiens)
14 L08069 Humanheatshockprotein,E. coli DnaJhomologuemRNA, completecds.
14 H89087 253224SPLICINGFACTOR SC35(Homosapiens)
14 R75843 143567TRANSLATIONAL INITIATION FACTOR2 GAMMA SUBUNIT (Homosapiens)
14 T40454 60221ANTIGENIC SURFACE DETERMINANT PROTEIN OA3 PRECURSORHomosapiens)
14 H06524 44386GELSOLIN PRECURSORPLASMA (HUMAN);.
14 T57630 75459S34195RIBOSOMAL PROTEIN L3 -.
14 DO00596 Humanthymidylatesyntas€EC 2.1.1.45)gene,completecds.
14 U26312 HumanheterochromatiproteinHP1Hs-gammanRNA, partialcds.
14 L05144 PHOSPHOENOLPYRVATE CARBOXYKINASE, CYTOSOLIC (HUMAN);contains Alu repetitve ele-
ment;containglementPTR5repetitve element,.
14 MB80815 H.sapiensa-L-fucosidas@eneexon7 and8, andcompletecds.
14 X74295 H.sapiensnRNA for alpha7B integrin.
14 T86749 114310Human(clonePSK-J3)cyclin-dependenproteinkinasemRNA, completecds.,.
14 M64110 HumancaldesmomRNA, completecds.
14 X70944 H.sapiensnRNA for PTB-associatedplicingfactor
14 X74262 H.sapien®RRbAp48mRNA encodingretinoblastomainding protein.
14 R78934 146232ENDOTHELIAL ACTIN-BINDING PROTEIN (Homosapiens)
14 H11719 47679MONOCYTEDIFFERENTIATION ANTIGEN CD14PRECURSORHUMAN);.
14 H55916 204131PEPTIDYL-PROLYL CIS-TRANSISOMERASE MITOCHONDRIAL PRECURSORHUMAN);.
14 D42047 HumanmRNA (KIAA0089) for ORF(mouseglycerophosphatdehydrogenase-relategartial cds.
14 L25941 Homosapiensntegral nuclearenvelopeinnermembraneprotein(LBR) gene,completecds.
14 H20819 5144226SPROTEASEREGULATORY SUBUNIT 6 (Homosapiens)
14 X12496 HumanmRNA for erythrogte membranesialoglycoproteirbeta(glycophorinC).
14 X13482 U2 SMALL NUCLEAR RIBONUCLEOPROTEIN A’ (HUMAN);containsMER22repetitve element,.
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A.2 LeukemiaData Set

TNoM  Gene Description
3 M23197 CD33CDa33antigen(differentiationantigen)
3 X95735 Zyxin
3 M27891 CST3CystatinC (amyloidangiopathyandcerebrahemorrhage)
4 U46499 GLUTATHIONE S-TRANSFERASEMICROSOMAL
4 D88422 CYSTATIN A
4  M84526 DF D componenbf complemen{adipsin)
4  M31523 TCF3Transcriptiorfactor3 (E2A immunoglohulin enhancebindingfactorsE12/E47)
5 L09209 APLP2Amyloid beta(A4) precursoilike protein2
5 M11722 TerminaltransferasenRNA
5 M83652 PFCProperdinP factor complement
6 M92287 CCND3Cyclin D3
6 X62320 GRN Granulin
7 X62654 ME491 geneextractedfrom H.sapiengenefor Me491/CD63antigen
7 J05243 SPTANL1 Spectrinalpha,non-erythrogtic 1 (alpha-fodrin)
7 M96326 Azurocidingene
8 X59417 PROTEASOMEIOTA CHAIN
8 M31211 MYL1 Myosinlight chain(alkali)
8 M63138 CTSDCathepsirD (lysosomakspartylprotease)
8 M55150 FAH Fumarylacetoacetate
8 X52056 SPI1Spleerfocusformingvirus (SFFV)proviral integrationoncogenepil
9 X61587 ARHG Rashomologgenefamily, memberG (rho G)
9 X17042 PRG1Proteoglycarl, secretorygranule
9 M19507 MPO Myeloperoxidase
9 U50136 LeukotrieneC4 synthas¢LTC4S)gene
9 M63379 CLU Clusterin(complementysis inhibitor; testosterone-repressprbstatemessag®; apolipoproteinl)
9 M16038 LYN V-yes-1lYamaguchsarcomaviral relatedoncogenénomolog
9 715115 TOP2BTopoisomeraséDNA) Il beta(180kD)
9 M22960 PPGBProtectve proteinfor beta-galactosidaggalactosialidosis)
9 HG1612-HT1612 Macmarcks
9 M31303 Oncoproteinl8 (Op18)gene
9 M83667 NF-IL6-betaproteinmRNA
9 HG3494-HT3688 NuclearFactorNf-116
10 D88270 GB DEF = (lambda)DNA for immunoglobinlight chain
10 U05259 MB-1 gene
10 D14664 KIAA0022 gene
10 M93056 LEUKOCYTEELASTASEINHIBIT OR
10 X90858 Uridine phosphorylase
10 X85116 Epb72geneexon 1
10 X16546 RNS2Ribonuclease (eosinophil-dexied neurotoxin;EDN)
10 M11147 FTL Ferritin, light polypeptide
10 M14636 PYGL Glycogenphosphorylasé (liver form)
10 M62762 ATP6CVacuolarH+ ATPaseprotonchannekulunit
10 U05572 MANB Mannosidasalpha-B(lysosomal)
10 X64072 SELL Leukocyte adhesiorproteinbetasubunit
10 M19508 MPO from Humanmyeloperoxidasgene exons1-4./ntype=DM /annot=&on
10 X14008 Lysozymegene(EC 3.2.1.17)
10 X17648 GRANULOCYTE-MACROPHAGE COLONY-STIMULATING FACTOR RECEPTOR ALPHA CHAIN
PRECURSOR
10 U22376 C-myb geneextractedfrom Human(c-myb) gene completeprimary cds,andfive completealternatvely spliced
cds
10 M32304 TIMP2 Tissueinhibitor of metalloproteinas@
10 X70297 CHRNA7 Cholinegic receptornicotinic, alphapolypeptide?
10 M63838 Interferon-gammanducedprotein(IFl 16) gene
10 M33195 Fc-epsilon-receptagamma-chaimRNA
10 S82470 BB1
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TNoM  Gene Description

11 749194 OBF-1mRNA for octamemindingfactorl

11 L47738 InducibleproteinmRNA

11  X07743 PLECKSTRIN

11  M29696 IL7R Interleukin7 receptor

11  L21954 PERIPHERAL-TYPEBENZODIAZEPINERECEPTOR

11 M31166 PTX3 Pentaxin-relatedene rapidly inducedby IL-1 beta

11 X98411 GB DEF = Myosin-1E

11 X97267 LPAP gene

11 Y07604 Nucleoside-diphosphatenase

11 J02783 P4HB Procollagen-proline 2-oxoglutarate4-dioxygenase(proline 4-hydroxylase),beta polypeptide (protein
disulfideisomerasethyroid hormonebinding proteinp55)

11 729067 Nek3mRNA for proteinkinase

11 L09717 LAMP2 Lysosome-associatedembrangrotein2 alternatve products

11 U02020 Pre-Bcell enhancindactor(PBEF)mRNA

11 X76648 GLRX Glutaredoxin(thioltransferase)

11 L42379 Quiescin(Q6) mRNA, partialcds

11 M13792 ADA Adenosinedeaminase

11 U16954 (AF1g) mRNA

11 X06182 KIT V-kit Hardy-Zuclerman4 feline sarcomaviral oncogenénomolog

11 M81695 ITGAX Integrin, alphaX (antigenCD11C(p150),alphapolypeptide)

11  U70063 Acid ceramidasenRNA

11 J04990 CATHEPSING PRECURSOR

11 M23178 MACROPHAGE INFLAMMA TORY PROTEIN 1-ALPHA PRECURSOR

11 M98399 CD36 CD36antigen(collagentype| receptorthrombospondimeceptor)

12 M89957 IGB Immunoglolulin-associatedeta(B29)

12 M29474 Recombinatioractivating protein(RAG-1) gene

12 HG2788-HT2896 Calgclin

12 M92357 B94 PROTEIN

12 M19045 LYZ Lysozyme

12 S50223 HKR-T1

12 X66401 LMP2 geneextractedfrom H.sapiengenesTAP1, TAP2,LMP2, LMP7 andDOB

12 U49020 MEF2A gene(myogyte-specificenhancefactor2A, C9form) extractedfrom Humanmyogyte-specificenhancer
factor2A (MEF2A) genefirst coding

12 D10495 PRKCD ProteinkinaseC, delta

12 U60644 HU-K4 mRNA

12 M28130 Interleukin8 (IL8) gene

12 Y00787 INTERLEUKIN-8 PRECURSOR

12 LO06797 PROBABLE G PROTEIN-COUPLEDRECEPTORLCR1HOMOLOG

12 D49950 Liver mRNA for interferon-gammaéanducingfactor(IGIF)

12 U41813 HOXA9 Homeobox A9

12 U97105 Dihydropyrimidinaserelatedprotein-2

12 X63469 GTF2E2GeneratranscriptionfactorTFIIE betasutunit, 34 kD

12 X74262 RETINOBLASTOMA BINDING PROTEIN P48

12 L11672 ZNF91Zinc finger protein91 (HPF7,HTF10)

12 HG4321-HT4591 Ahnak-Relatedsequence

12 U40369 Spermidine/spermind1-acetyltransferaglSSAT) gene

12 M13452 LMNA LaminA

12 X58431 HOX 2.2 geneextractedfrom HumanHox2.2genefor ahomeoboxprotein

12 AB002559 Hunc18b2

12 M54995 PPBPConnecte tissueactivation peptidelll

12 U00802 DrebrinE

13 M84371 CD19gene

13 U29175 Transcriptionahctvator hSNF2b

13 K01911 NPY Neuropeptidey

13 M28170 CD19CD19antigen

13 D26156 Transcriptionahctvator hSNF2b

13 M63959 LRPAP1 Low densitylipoprotein-relategrotein-associateproteinl (alpha-2-macroglallin receptorassociated
proteinl

13 M65214 TCF3Transcriptiorfactor3 (E2A immunoglohulin enhancebindingfactorsE12/E47)

13 M80254 PEPTIDYL-PROLYL CIS-TRANSISOMERASE MITOCHONDRIAL PRECURSOR
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TNoM  Gene Description
13 J03801 LYZ Lysozyme
13 M95678 PLCB2Phospholipas€, beta2
13 U57721 L-kynureninehydrolasemRNA
13 L11669 Tetragcline transportetike proteinmRNA
13 L19437 TALDO Transaldolase
13 L41559 PCBD6-pyruvoyl-tetrahydropten synthase/dimerizatiocofactorof hepatogte nuclearfactorl alpha(TCF1)
13 M33680 26-kDacell surfaceproteinTAPA-1 mRNA
13 U72621 LOT1mRNA
13 X80230 mRNA (cloneC-2k) mRNA for serine/threonineroteinkinase
13 X77533 Activin typell receptor
13 U16306 CSPG2Chondroitinsulfateproteoglycar® (versican)
13 U07139 CAB3bmRNA for calciumchannebeta3suhunit
13 J04615 SNRPNSmallnuclearibonucleoproteimpolypeptideN
13 X15414 ALDR1 Aldehydereductasd (low Km aldosereductase)
13 D38073 MCM3 Minichromosomemnaintenanceleficient(S. cerevisiae)3
13 M21535 GB DEF= Erg protein(ets-relatedyene)mRNA
13 X51521 VIL2 Villin 2 (ezrin)
13 M29971 MGMT 6-O-methylguanine-DN methyltransferaseMGMT)
13 X16706 FOS-RELATED ANTIGEN 2
13 M57731 GRO2GRO2oncogene
13 X52192 FES Feline sarcoma(SryderTheilen) viral (v-fes)/Fujinamiavian sarcoma(PRCII) viral (v-fps) oncogene
homolog
13 X91911 Gliomapathogenesis-relatgiotein(GliPR) mRNA
13 U46006 GB DEF=SmoothmuscleLIM protein(h-SmLIM) mRNA
13 X79067 ERF-1ImRNA 3’ end
13 L41162 COL9A3CollageniypelX, alpha3
13 U29656 NME1 Non-metastaticells1, protein(NM23A) expressedn
13 U41635 OS-9precurosomRNA
13 U83600 GB DEF= Deathdomainreceptor3 (DDR3) mRNA, alternatvely splicedform 2, partialcds
13 X59711 NFYA NucleartranscriptiorfactorY, alpha
13 M20203 GB DEF= Neutrophilelastasgeneexon5
13 D26308 NADPH-flavin reductase
13 J03589  UBIQUITIN-LIKE PROTEIN GDX
13 X55668 PRTN3 Proteinas& (serineproteinaseneutrophil, Wegenergranulomatosigutoantigen)
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