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ABSTRACT

Recentstudies(Alizadehet al, [1]; Bittner et al,[5]; Golub et al,
[11]) demonstratehe discovery of putative diseasesubtypesdrom
geneexpressiondata. The underlyingcomputationalproblemis
to partition the setof sampletissuesinto statisticallymeaningful
classesln this paperwe presenta novel approactto classdiscos-
eryanddevelopautomatianalysismethods Ourapproachs based
on statisticallyscoringcandidatepartitionsaccordingto the over
alundanceof genesthat separatehe differentclasses.Indeed,in
biological datasetsan overalundanceof genesseparatingknown
classess typically obsered. we measureoverabundanceagainst
a stochasticnull model. This allows for highlighting subtle, yet
meaningful,partitionsthat are supportedon a small subsetof the
genes.

Using simulatedannealingwe explore the spaceof all possible
partitions of the set of samples,seekingpartitionswith statisti-
cally significantoveralundanceof differentially expressedyenes.
We demonstrat¢he performancef our methodson syntheticdata,
wherewe recover plantedpartitions. Finally, we turn to tumor ex-
pressiordatasetsandshav thatwe find severalhighly pronounced
partitions.

1. INTRODUCTION

An importantapplicationof geneexpressiorprofiling technolo-
gies, suchasarray-basedybridizationassaysjs to improve our
understandingf cancerrelatedprocessesRecenstudieq1, 5,11,
16] demonstratéhe discovery of putative diseasesub-typesrom
geneexpressiondata. For example, Alizadeh et al [1] discover
a putative sub-clasof a certaintype of lymphoma,andBittner et
al [5] discorer aputative sub-clas®f cutaneousnelanomaln both
caseghefindingswerefurtherbiologically validated.

In this paperwe discussalgorithmic approachego the unsu-
pervisedinferenceof novel putative tissuesubclasses geneex-
pressiondata. Currentapproacheso this problem[1, 5, 11] area
combinationof clusteringdriven methodsandhumanintervention.
A clusteringapproachstartsby computingsimilarity values(e.g.
Pearsorcorrelation)of the expressionprofiles of eachpair of tis-
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suesamplesandthenusesthesevaluesto partitionthe data. This
approachsuffers from several shortcomings First, the measureof
similarity dependsuniformly on the entire setof measuredjenes.
In practice,dramaticphenotypicalifferenceamight effect only a
relatively smallsubsebf themRNA transcripts: Suchdifferences
are“washedout” by uniform measuresf similarity. For example,
the classificationproposedby Alizadehet al [1] doesnot appear
whentissuesareclusteredusingall the genes.Insteadthe authors
hand-picka small subsef genesand clustertissuesampleswith
respectto this subset. Second clusteringmethodsreturna single
clusteringof the data.In actualdatawe expectmultiple significant
partitionswheredifferenttissueclassesare separatedby different
setsof geneqle.g.,treatmensuccesdor two drugs,eachtargeting
adifferentpathvay).

We take a direct approachto classdiscovery. The processwe
develop consistsof two componentsWe startby defininga figure
of merit to putative partitionsof the setof samples.We thenap-
ply heuristicsearchmethods suchassimulatedannealing to find
the bestpartitionin the spaceof all possiblepartitionsof the setof
samples.Finally, we iteratethe procesgo find additional,differ-
ent, partitions.To develop aneffective figure of merit asabasisfor
comparingdifferentputative classesve areguidedby thefactthat
anoveralundanceof significantlydifferentially expressedjeness
typically obseredin datathatcontainsmeaningfulbiological par
titions. Thatis, the numberof geneghat sharplyseparatehe two
classess extremely higherthanexpectedin the null modelwhere
partitionsof thedataareuniformly dravn. Therefore reasoningn
reverse,we seekputative partitionsfor which we obsene anover-
alundanceof informative genes.

In Section2 we describea measurdor how well genesseparate
different classesand definethe null-model. In Section3 we use
theseto derive a surprisescoe for putative classificationof the
data.In Section4 we consideranalternatie scorethatis basedon
the ability to predictputative classmembershighasedon the gene
expressiorprofile of a sample(this canbethoughtof asanin-silico
classificationassay).In Section5, we describesearchprocedures.
In Section6 we present syntheticmodelof geneexpressiordata,
anduseit to evaluatetheperformancef differentmethodsIn Sec-
tion 7 we applyour methodgo actualbiologicaldata.We conclude
with adiscussiorin Section8.

2. INFORMATIVE GENES

1Two cells with dramatically different biological characteristics
(suchas a normal cell versusa tumor cell from the sametissue)
are expectedto alsohave differentgeneexpressionprofiles. It is
important,however, to realizethatthe majority of the active cellu-
lar MRNA is not effectedby the differences.Thatis, a dramatic
biological differencedoeshave a geneexpressionevel manifesta-
tion, but the setof geneghatis involved canberathersmall.



2.1 ScoringInformative Genes

We startwith somedefinitions.Assumethatwe aregivenadata
setD, consistingof vectors(z1, . . ., ). Eachsampleor expres-
sion pattern z;, is a vectorin R that describeghe expression
valuesof N genes/clonem a particularbiological sample.A (bi-
nary)labelingfor D is avectorl = (li,...,lr), wherethelabel
1; associateavith z; is either—1 (negative example),+1 (positive
example),or 0 (controlexample).

Considera setof expressiordatawith a known classificatiorof
tissues. This is typically basedon auxiliary information, suchas
histologicalmeasurementgathologicalanalysis,or geneticlevel
information. We want to understandnolecularlevel differences
betweenthe different classesof tissues. Such data often spans
thousandf genes. Someof thesegenesplay majorrolesin the
processeshat underly the differenceshetweenthe classesr are
dramatically effected by the differences. Suchgenesare highly
relevantto the studiedphenomenonOnthe otherhand theexpres-
sionlevelsof mary othergenesmaybeirrelevantto thedistinction
betweertissueclassesldentifying highly relevantgenesfrom the
datais a basicproblemin the analysisof expressiordata.

The literature discusseseveral methodsfor scoringgenesfor
relevance.Thesdancludeparametrianeasuressuchasthestandard
t-testscore[15], the sepaation scoe of Golubetal [11], andnon-
parametrianeasure$3, 4].

We now briefly describethe TNoM (ThresholdNumberof Mis-
classification scoreof Ben-Doretal. [3] whichwe usefor scoring
genesn thiswork. We emphasizéhattheideaswe presentanbe
easilyappliedwith otherrelevancescores.

Let k& denotethe numberof tissuesconsistingof a tissuesrom
classA, andb tissuesf classB. Assumewe wantto scorea gene
g for relevancewith respectto the A:B partition of the tissues.
Intuitively, g is relevantto the tissuepartition if it is eitherover-
expressedn classA tissueqcomparedo classB tissues)r vice-
versa.

To formalizethe notionof relevance we considethow g expres-
sionlevelsin classA tissuednterlacewith its expressiorevelsin
classB tissuesDenoteby ¢; thei-th tissuerankedaccordingo the
expressionlevel of g (thatis, g expressminimally in t; andmaxi-
mally in t;). We definetherankvector v, of g to bea —, + vector
of lengthk, asfollows:

{+
Vi = _

Notethattherankvectorv capturesheessencef thedifferential
expressiorprofile of g. If g is underexpressedn classA, thenthe
positive entriesof v are concentratedn the left handside of the
vector andthe negative entriesare concentratedt the right hand
side. Similarly, for the oppositesituation. Therefore therelevance
of g increaseasthe homogeneitywithin the left handside of v,
andthehomogeneitywithin theright handsideof v increase.

A naturalway to definethehomogeneityonthetwo sides,andto
combinetheminto onescore leadsto the TNoM Scoringmethod.
Thescoreof v correspond$o the maximalcombinechomogeneity
over all possiblewaysto breakwv to two parts. Define the Min-
Cardinality, of a—, + vectorz, to bethecardinalityof theminority
symbolin x. Thatis,

MC(z) = min(# - (2), #+(x)).
TheTNoM scoreof arankvectorwv is definedas
TNoM (v) = min (MC(z) + MX(y)).
z;Yy=v

ift,e A
ift; € B

2.2 p-Values

Whenscoringa genefor how relevantit is to a given partition
of the setof samplest is importantto evaluatethe resultagainst
anull model- whatis the probability of this gene(with the given
expressionvalues)appearingorelevantfor arandomlydravn par
tition of the samples. This numberis the p-valuecorresponding
to the scoringmethodin effect andthe givenlevel s. Geneswith
very low p-valuesarevery rarein randomdataandtheir relevance
to the studiedphenomenoris thereforelikely to have biological,
mechanistior protocolreasons.

Let{—1,+1, 0} denoteall labelingswith n.’ — 1’ entries,
p’ + 1" entries,and¢ '0’ entries. Let | be a labeling, andlet g
be a vectorof geneexpressionvalues. A scoringmethodsS (e.g.,
TNoM) is afunctionthattakesg and! andreturnsthe scoreof g
with respecto the labelingl. Let L be arandomlabelingdravn
uniformly over {—1, +1, 0}(™?), Thep-valueof ascorelevel s
is then

pVal(s) = Prob(S(g,L) < s) (1)
where L ~ Unif ({_1,4_1, 0}(n,p,0))

The combinatorialcharacterf the TNoM scoremalesits distri-
bution over {—1, +1, 0}(™?:¢) amenableo rigorouscalculations.
Ben-Doret al [3] develop efficient proceduredor computingthe
exactdistribution of TNoM scoresn {—1, +1, 0}(™7:),

Accessto p-valuesallows us to computethe expectednumber
of geneswith scores or betterin the null model. Examiningdata
setswith biologically meaningfulkclassificationswe foundanover-
alundanceof significantlyinformative geneq4, 5]. For example,
Figure 1 contraststhe expectednumberof geneswith particular
p-valueto theactualnumberof genedor the TNoM score,n var-
ious previously publisheddatasets.This overalundanceanalysis
is instrumentain evaluatingthe statisticalsignificanceof putatve
previously unknavn classesasin [5]. Biological significancecan
thenbe experimentallyestablishedsdescribedherein.

3. SURPRISESCORES

Recallthatour aimis to apply statisticalmethodgo the discov/-
ery of sampleclassifications Clearly, the ultimatetestfor a puta-
tive classificationis a biological validationtest. Statisticshereis a
tool andnotanendby itself. Our approacthastwo componentsa
statisticalscoremeasuringhe significanceof a suggestegartition
anda procedurehatattemptsto find the labelingwith the highest
score. The significancescorehasto be well correlatedwith bio-
logical meaning.Only moredatawill helpuslearnmoreaboutthe
adwantageanddisadantageof thevariousscores.n this section
we discusscandidatescorestermedsurprisescoes

The significantoveralundanceof informative genesin biolog-
ically meaningfulpre-classifiedlata(e.g., seeFigure 1) suggests
thatbiologically meaningfuklassification®f thesamplesetcanbe
characterizedby suchoverahundance Biological classdifferences
manifestthemselesasdramaticdifferencesn the expressioriev-
elsof a(notverylarge)setof genesresultingin theobsenedover-
alundance. Therefore,we will choosecandidateputative sample
classesamongstthoselabel vectorsthat shaw a significantover-
alundanceof informative genesvhenappliedto the data.

To formalizethiswe useastochastianodel,asfollows. Suppose
wewantto evaluatealabelingin {—1, +1, 0}(™?:), Forary score
s setps = pVal(s), wherethe parameters, p, ¢ characteriz¢he
compositionof the putative labelingwe wantto evaluate,andL ~

Unif ({-1,+1, 0}9). Letic.(g)(L) = 1{S(g, L) < s}
indicatethe eventthatthe geneg receved a scores or better(i.e.,
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Figure 1: Comparison of the number of significant genesin
actual datasetto expectednumber under the null-hypothesis
(random labels). The z-axis denotesTNoM score. In the top
part of eachgraph, the y-axisis the number of genesjn the bot-
tom part, the y-axis is the negative logarithm of the probabil-
ity of the expectednumber of genesgiven the binomial model,
which is exactlythe surprise score (seebelow). Data sets: Colon
from Alon etal [2]; leukemiafrom Golub etal [11]; melanoma
from Bittner etal [5].

smalleror equals), underL. Clearly,
i<s(g) ~ Bernoulli(ps), forg=gi,...,gn.

The numberof geneswith scores or better under L, is simply
N<s(L) = 32, i<s(g9)(L). We have thus defineda setof ran-

dom variablesN<, on {—1,+1, 0}(™?¢) . Given a putative la-
beling, I we cancomputethe scoreof eachgeneand summarize
thesescoredn asetof numbersi<, (1) (onenumberfor eachvalue
s in the rangeof scoresof the scoring function). We now ask
how rareit is to obsere suchvaluesfor N<,(L) when L ~

Unif ({—1, +1, 0}<"W>).

3.1 Max-Surprise Score

Oneof the simplestmodelingassumptionsve canmale is the
following

Ind-Genes: Theindicatorvariables<;(g), g = g91,...,9~
areindependent.

Thisassumptionmpliesthatknowing thescoresf arny subsebf
{g: : i # 7} underarandomlabeling L addsno informationabout
thescoreof g; underthesamdabeling.lt is clearthatthis assump-
tion oversimplifiesthings: expressionlevels of genescanbe very
correlatedandthustheir scoreson randomlabelingarecorrelated.
Nonethelessasin mary modelingsituations,this simplifying as-
sumptionallows for efficient computationsandmight not change
theessencef theresults.

Underthis independencassumptionV< is a sumof indepen-
dentBernoullivariablesandthushasabinomialdistribution: N<, ~
Bin(ps, N) (N is the numberof genesin he dataset).We define
thesurpriseat observingn genesatscores or better to be

Surpris¢s, n) = —log(P(N<s > n))

Where P is the appropriatebinomial probability measure. The
smallerthe probability of observingn, the largerthe surprise.We
cancomputethe surprisescoreusingthetail probability of the bi-
nomialdistribution.

Of course at differentscorevalueswe getdifferentsurpriseval-
ues.However, we canfind the scores atwhich the obsered num-
beris mostsurprising:

Max-Surpris¢l) = max Surprisé¢s, n<s(l)).

Thisquantityis employedto evaluatealabelingvector Thismatches
our intuition thata goodlabelingshouldhave a surprisinglylarge
numberof informative genes.

3.2 Sanov Score

TheMax-Surprisescorecomputeghe scoreat which the largest
overalundanceof informative genesis obsered. However, it ig-
noresthedistribution of scores For example supposehatthemax-
imum scoreis at s suchthatps = 102 with n<s(L) = 100. The
Max-Surprisemay be the sameif all 100 geneshave scoreexactly
s or if anon-n@gligible fraction of thesehave betterscores(with
muchsmallerp-values).

Supposesy, . . ., sk is the rangeof possiblescoresin the given
set-up. Under the null hypothesisand underthe geneindepen-
denceassumptionthe set{N,; :¢ =1,...,k} is multinomially
distributedwith p(¢) = P(S(g, L) = s;). Thefrequenyg atwhich
we obsere the scores; in the actualdatais g(i) = “st. Thedis-
tribution ¢ describeghe type of this empiricalsample.Underthe
null model,the probability of draving this typewith N sampleds

exactly
N )
PN = qu
(a) (qu,...,qu> le



We canapproximatehis probabilityusinganinformationtheoretic
measuref thedistance.

THEOREM 3.1. [7, Theoem12.1.4]:
—ND(plq) — log(k(N + 1)) < log P" (q) < —ND(plq)
whee
D(plg) =) pi log%

istheKL divergencebetweerp andgq.

Thus,2~ VP (*l9) js a first-orderexponentialapproximatiorto the
probabilityof thetype. Moreover, usingthis approximatiorwe can
boundtheprobability of observingypesthataremoreskewedthan

q.

THEOREM 3.2. (Sana’s Theoem)[7]:
log P ({g : D(plg) > €}) < —Ne + klog(N + 1)

This motivatesthe definition of a surprisemeasuréy
Sanw-Surpris€l) = ND(p|q) — klog(N + 1)

whereg; is the type of the obsered distribution of genescores
underthelabelingvectori.

To summarize,we have defineda measureof surprisebased
on the entire vector of obsenred scoresfrequencies. This quan-
tity is a bound on the probability of observingall typesq with
D(p|q) > D(p|q:). Obsere thatthe Max-Surprisescoremea-
suresthe probability of having a labeling vector at leastas infor-
mative asthecandidatd, in termsof overalundanceof informative
genes. On an intuitive level, whenthe entire distribution is con-
sidered,a labelingvector! is moreinformative than K if thetype
¢ hasmoreweight on the low (better)scoresthandoesqx. We
arenotformalizingthis hereandareusingthe Sanw boundon the
probability of at leastasimprobabletypesratherthanat leastas
informative types.

4. CLASSIFICATION SCORES

In theprevious sectionswve studiedscoreghatevaluatethequal-
ity of putative label vectorsby measuringsignificant deviations
from the distribution of scoreswe expect under null-hypothesis
models. An alternatve approacthis to seekclassesvhich arepre-
dictablebasedn the geneexpressiormeasurements.

4.1 Classificationof GeneExpressionPatterns

In [3, 16] the problemof predictingtissueclassificatioris exam-
ined. As demonstratedhere,for actuallabelingsin real-life data
sets,t is possibleto train a classifiethathasgoodpredictive accu-
rag/. More preciselyaclassificatioralgorithmis afunction fp that
depend®nadatasetD of patternandsampldabels.Givenanew
queryz € RV, this function returnsa predictediabell = fp (z).
Good predictive accurag meansthat predictedlabels matchthe
“true” label of the query  Several classificationmethodswere
appliedto geneexpressiondata[3, 4, 16]. For completenessve
briefly review the methodusedhere.

ThenaiveBayesiarclassifier[8, 9, 10] is basedn a probabilis-
tic approacho the problem.We startby estimatingthe probability
of eachlabel(e.g.,—1 or +1) givengeneg’s expressiorievel. We
modelthis distribution by a decisionstump we learna threshold
t, andmale onepredictionof z, < t andanothetif z, > t. The
thresholdt is chosenasin the TNoM score,andthe conditional
distribution for z, above (resp.below) the thresholdis estimated
from the proportionsof +1 and —1 labelsfor samplesvhereg’s

expressionlevel is above (resp.belav) t. Then,assuminghatex-
pressiorpatternsof genesareindependengiven the labeling(this
is the“naive” assumptionpndusingBayesrule, we getthat

P(+1|=z) _
P(—-1|=z)

P(+1) P(+1| Xy) P(+1)
o8 ) + 2 (o8 PCTTxS ~o8 )

If this quantityis positive we predict+1, otherwisewe predict—1.
See[4] for moredetails.

A key issuewe needto addresss how to evaluatethe accurag
of a classificationmethodappliedto a given labeleddatasetand
labeling. We follow standardnethodologyanduseleaveoneout
crossvalidation (LOOCYV) to estimatethe predictionaccurag of
a classificatiormethodon new examples. This procedurdterates
on the sampledn the dataset. In eachiterationit removesa sin-
gle sampleandtrainsthe classificatiorprocedureon theremaining
data. The trainedclassifieris thenappliedto the held-outsample
andthe predictedlabelis comparedo thetrue label. The fraction
of errorsthuscommittedin theentireprocessis our estimateof the
errorrateof theclassificatiorprocedure.

A final issueis featue selection As [3, 16] shaw, predictions
basedon an informative subsetof genesare more accuratethan
thesethat are basedon all genes. In our procedureherewe em-
ploy asimple,but surprisinglyeffective, procedurdo selectgenes.
Givenatrainingdata,we computethe scores thatattainsmaxsur
prise. We thenfocuson genesthat have this scoreor better The
learnedclassifieris thenbasedon thesegenesonly. Note thatin
eachLOOCYV iteration this procedureis applied on the data set
without the held-outsample.Thus,eachtime a differentscorewill
attainsmaximumsurpriseanda differentsetof geness selected.

4.2 Classification Score for Putative Labeling
Vectors

Supposeve aregivenaputative labelingof samplesn ourtrain-
ing data. Theintuition we outlined above suggestghatif the la-
beling capturesa “true” phenomenorin the data,thena LOOCV
evaluationof a classificationprocedure(e.g., the naive Bayesian
classifier)would leadto accuratepredictions. In otherwords,we
canscorea labeling by the accurag reportedby LOOCYV evalu-
ation of classificationwith respectto this labeling. This suggests
thatthe distinctionsmadeby the labelingsareinherentin the data
andnot an artifact. From a differentpoint of view: the suggested
classesanbesuccessfullyin-silico diagnosed.

Thereareseveral shortcomingdgo the classificationscore.First,
it is computationallyintensive, sincewe needto performLOOCV
iterations,andin eachof theseperform geneselection(which in
turn, requirescomputingscoresfor all genes).Second sincethe
numberof samplesis small, the rangeof the scoreis quite lim-
ited. This impliesthatthe classificatiorscoregiveslittle guidance
during searchfor high scoringlabelingvectors. Third, if we use
theclassificatiorscoreduringsearchwe aregoingto performlarge
numberof LOOCYV evaluationsstatisticakconsiderationshav that
evenin randomdata,enoughrepetitionsof this testwill find high
scoringartifactuallabelingvectors[13, 14]. To avoid theseprob-
lems,we mainly usethe classificationscoreto evaluatecandidate
labelingvectorsthat arefound using surprisescoreswe discussed
in the previoussection.

5. SEARCH METHODS

Oncewe choosea scorefor putative labelingvectorswe needto
find alabelingthatmaximizeghescore.Thisis adiscreteoptimiza-
tion problemandwe useheuristicsearchtechniquego find high-



scoringlabelings. We canformalize our problemasa searchover
a graph,whereour goalis to find a vertex with maximumscore,
whereone assumesomelocality in the scores(i.e., neighboring
verticeshave similar scores).Presentlythe verticescorrespondo

potentiallabelingsof thesamplesandthescorewe attempto max-
imizeis themax-surprisescore.Theedgesn thegrapharebetween
pairsof labelingsthatagreeon all labelsexceptonesamplethela-

beling of which changedrom “0” to either“-1" to “+1". Thus,
we canmove from onelabelingto anotherby modifying the label

of exactly onesamplefrom classifiedo unclassifiedor vice versa.
Note that over a setof M sampleseachvertex hasat most2M

neighbors.

A commonsearchmethodis the first ascendhill climb. In this
procedurewe considerall the neighborsof our currentlabelings
in somerandomorder We evaluatethe scoreof eachneighbor
andoncewe find a neighborwith a betterscore,we “move” there
andcontinue. If all neighborshave worsescoresthanthe current
candidatewe areat alocal maximum,whichis returned.

This procedures straightforward and hasthe intuitive aspect
of climbing up-hill toward better solution. However, it can get
“stuck” atlocal maxima.Unfortunatelylocal maximaarecommon
in the classdiscovery optimizationproblem. A commonmethod
to escapdocal maximais simulatedannealing[12]. This method
resembleghe first ascendprocedure. However, now the search
proceduremaintainsa temperaturgparametet. This parameteis
updatedduring the searchby an exponentiallydecreasingooling
schedule atthe kth stepof the procesghetemperatures toal*/4
wherea < 1 andd is aninteger Now, if the scoreof the cur
rent labelingis s, and a randomneighborlabeling scoress’, we

—s

move to that neighborwith probability min(1,e“+ ). Thus, at
very hightemperaturethe probability of takinga score-decreasing
stepis closeto 1. It getscloserto 0 asthetemperaturelecreases.
The procedurgerminatesafter a fixed numberof steps(or equiv-
alently, aftert reaches pre-specifiedemperaturegindreturnsthe
bestscoringlabelingit encountered.

Recallthat we want to constructseveral differentpartitionsof
the data. Towardthis end,we emplgy a simplestrateyy of peeling
the dataset. First, we performa heuristicsearchandfind a high
scoringputative labeling. Then,we “peel off” the geneshat sup-
portthis labelingfrom the dataset. More precisely we remove all
geneswith scoresmallerthanor equalto the scorethatattainsmax-
imum surprise Wethenreiteratethe searctontheremaininggenes
until eitherwe exhaustedall genespr the scoreof the bestlabeling
onthesegenedalls belon a pre-specifiedhreshold.By iteratively
peelingthe datasetwe discover a setof partitions,eachsupported
by adisjoint setof genesOncewe finalizethe searchwe reevalu-
ateeachof thelabelingvectorswith respecto the original dataset
(sincesomepreviously removedgenesanberelevantto aputatve
partitionandeffectits score).

6. MODEL AND SIMULATIONS

All attemptgo stochasticallymodelgeneexpressiordataarein-
trinsically problematic. It is impossibleto make a reasonableset
of modelassumptionghat is universally valid for a complicated
systemsuchastheliving cell. Modelingapproachesare,however,
successfuin highlightingbiologicalphenomenghatdo follow the
model and thus allow for selectve inferenceof knowledgefrom
data.

The purposeof the stochasticsimulation exercisewe describe
in this sectionis threefold:to validateour computationatlassdis-
covery methodsonageneraktochastienodel;to identify themode
of corvergenceto plantedclassesto compareperformanceacross
methodsandtestthe effectsof variousparametechanges.

6.1 The StochasticModel: Planted Classes

We assumethat the geneexpressiondatasetstochasticallyde-
pendson a hidden,biologically significant,classificationC of the
tissuesnto subclassesAs in real datasetsye furtherassumehat
theclassificatiorC effectsonly asmallfractionof thegenescalled
the C-genes while the othergenescalledrandomgenes express
independentiyf C.

For simplicity we describea binary classificationrmodel. Mod-
elling datawith moreclassedn thesameamanneiis, however, straight
forward. We assumehatthereexistsa hiddenclassificatiorC, that
partitionsthe M tissuesnto a classA tissuesandb classB tissues.
Wedenoteby m thetotalnumberof genesandby 1 —e thefraction
of C-gene Thatis, thereare(1 — e)m C-genesandem random
genes.

For eachC-gene g, we modelits expressionlevels in the dif-
ferenttissuesusingtwo distributions- D4 for classA tissuesand
Dp for classB tissues.We assumeghat D4 andDp arenormal
distributionswith a constantoeficient of variatior?, s. Thatis,

Da = N(pa,pas), Ds = N(us,pns).

The meansof the distribution, g4, and up areuniformly cho-
senfrom the intenval [—1.5d, 1.5d]. Thus, the expecteddistance
betweerthetwo meanss d (a parameteof themodel).

Theexpressiorevel of therandomgenesn all tissuesjndepen-
dentof their class,is assumedo be normally distributedwith zero
meanandstandardieviation of one.Notethatary classificatiorof
thetissuesC’, might be supportedoy somerandomgenes.How-
ever, the true classificationC, will be supportedby a statistically
significantnumberof genesdbecaus®f theC-genes

In summary the plantedclassificationmodelis fully specified
by aclassificatiorC, of M tissuesnto two classe®f sizesa andb
respectiely, andby themodelparameters:

e m - thetotalnumberof genes.
e ¢ - thefractionof randomgenedn thedata.

e d - the expecteddistancebetweenthe two meanexpression
levels, pertainingto thetwo plantedclasses.

e s - the coeficient of variationfor expressionlevel distribu-
tions.

6.2 Resultson Synthetic data

In this sectionwe reportasimulationbasecdevaluationof our dis-
covery process We variedthe modelparameterga, b, m, e, d, s),
and employed Max-Surpriseand Sanw (definedin Section3) in
a simulatedannealinglocal search. In initial simulationswe ob-
senedthatmax-surprisébasedsearcheperformbetterthanSany
scorebasedsearchessowe choseto useMax-Surprisein the rest
of thestudy andfor realdatasets.

Simultaneouslyaryingd, s, ande, we obseredthatthe search
resultswererelatively insensitve to the parameter! (comparedo
s ande). Hence we concentraten s ande in therestof the simu-
lations.

In orderto chooserealistic parametervalueswe examinedthe
leukemiadataset[11] andbestfit themodelparameterso it. Omit-
ting thedetailsof thefitting processtheresultingvaluesare:m =
7129,a = 25,b = 47,e = 0.72, d = 555, s = 0.75.

In our stochastianodelwe implicitly assumehatall genesare
independentlgistributed. However, in biologicaldatasetthereare
complicateddependencieamonggenes. Therefore the effective
numberof independengenesin the real datasetis muchsmaller

2This assumptioris supportedfor example,whenthe expression
levelsarelogsof redto greensignalratiosin atwo dye expression
profiling measuremerib].



Max-Surprise Sanw | LOOCV | Jackard
Dataset Labeling p/nic Score p-Value # | score | acc.(%) | Coef.
Leukemia original 47125/0 2601 0.0154 1173 2057 91.7 1
1 43/29/0 | 13784 0.0007 1890 | 7733 98.6 0.469
2 32/40/0 7541 0.0126 2182 | 5465 91.7 0.344
3 43/29/0 | 11524 0.0054 2400 | 7781 93.0 0.469
4 46/26/0 2690 0.0558 2014 | 2235 87.5 0.949
Lymphoma Original | 50/46/0 8259 0.0010 1188 - 87.5 1
1 24/37/35| 14514 1.9x10~% 1148 - 100 0.780
2 53/23/20| 8342 0.0049 1598 - 100 0.382
3 34/36/26| 7728 0.0012 1148 - 91.4 0.485
4 33/29/34| 6674 0.0013 1046 - 88.7 0.539
Lymphoma Original | 23/22/51 545 0.0139 359 - 97.8 1
DLBCL 1 33/12/51| 2669 0.0668 1625 - 88.9 0.362
2 23/22/51| 2005 0.0139 776 - 95.5 0.324
3 25/20/51 917 0.0460 815 - 88.9 0.354
4 31/14/51| 2171 0.1318 1975 - 82.2 0.350

Table 1: Evaluation of the best4 discovered labelingsand the original labelingsin thr eedata sets.The table reports the composition
of the labeling; the max-surprise score, the p-value at the point of max surprise and the number of geneswith that p-value; the
Sanor score; LOOCV accuracyof predictionsthe labeling (ignoring control samples);and the Jackard coeficient that measuesthe

similarity of the labeling to the original labeling.

than7129. Oneway to choosea bettermodel value for m is to
chooseit suchthat the Max-Surprisescoreof the hidden classi-
fication C (fixing the otherparameterso the above values)would
resemblghe Max-Surprisescoreof theAML/ALL classificatiorin
the leukemiadata(which is 2603). Usingthis approachwe derive
m = 600. Thereforesettheleukemiaparametes to be

m =600, a =25, b=47, e=0.72, d=555, s=0.75

To testtheperformancef our methodon leukemiaparameters,
we generated 0 syntheticdatasetsaccordingto the plantedclas-
sification model, and comparedthe returnedclassificationof the
tissuesto the original, plantedclassification. In all 10 casesthe
original classwasrecoveredperfectly

To betterstudythe effect of the modelparameter®n the algo-
rithm performanceandto learnour algorithmlimits we have varied
eachof the parametergm, d, e, s) in turn, while fixing the others
to their leukemiavalue. In the reportedresultsbelov, we useC to
denotethe plantedclassification(that hasproportionsof 25 class
A tissuesvs. 47 classB tissues),andby A the classificationre-
turnedby our algorithm.Recallthatour algorithmsearche$or the
tissueclassificationwith the maximalMax-Surprisescore. As we
vary the model parametersthe Max-Surprisescoreadwantageof
C (comparedo other classificationshangesand thus the algo-
rithm performancés accordinglyeffected:

m - Increasingn, thenumberof genesincreaseslax-SurpriséC),
andthusmalesit easieffor thesearcheuristicto find it. We
have foundthatm = 250 is the phasetransitionpoint. If m
is larger, thenthe algorithmconsistentlyrecosersthe hidden
classesHowever, for smallerm’s, C is notthe optimalclas-
sification(with respecto the Max-Surprisescore),andthus
adifferentclassification,A , is recorered.Thedifferencebe-
tweenA andC depend®nm; thesmallerm is, thelargeris
thedifference For example, settingm = 100, we getthaton
averageMax-Surpris€C) = 360, while Max-Surpris¢.A) ~
390. Still, A andC arevery close(differ on averageonly on
3tissues).

d- Wehavefoundthatd, theexpecteddistancebetweerthetwo
meansasverylittle effecton Max-Surprisé€C), andthushas
very limited effect onthe algorithmperformanceln particu-
lar, we have variedd in therangel through1000, andin all

caseshealgorithmrecoveredC perfectly

e- In our model,e representethe fraction of randomgenesn
the data,genegthat expressindependentlyffrom the planted
classification. Stateddifferently, we are trying to recover
plantedclassificationghataresupportecbnal — e fraction
of the genes.As the Max-Surprisescoreof a classification
reflectsthe over-alundanceof informative geneswe expect
Max-Surprisebasedmethodsto performwell even for high
valuesof e. Indeed,n this studyby simulationswe have var-
ied e in the range[0, .99], and obsered that the algorithm
consistentlyrecoveredC , upto e = 0.95. For highervalues
of e, wetypically getMax-Surprisé.A) > Max-Surpris¢C).

s- Thecoeficientof variation,s, playsamajorrolein ourmodel.
It representghe inherentrandomnatureof the expression
profile of a genewithin tissuesof the sameclass. For large
valuesof s we getvery spreaddistributions,contrikuting to
higherTNoM scoresandthusa lower Max-SurpriséC). In
this study we varied s in the range[0.5, 5]. The transition
pointwasfoundatarounds = 2. For smallers, the planted
classificationC is recovered, for largerC , we typically re-
cover classificationA with largerMax-Surprisescore.

Oursimulationstudycanbe summedup asfollows. First, thealgo-
rithmis veryrobust, performingunderhighlevelsof noise eitherin

theform of randomgenege = .95), or in form of high coeficient
of variation(s = 2). Secondfor awide rangeof parametersgven
muchmorepessimistichanthosethatcorrespondo the leukemia
datasetthe algorithm consistentlyrecoversthe plantedclassifica-
tion. Finally, if eithertherear too few genes(m < 250), or too
high noiselevel (e > 0.95, or s > 2), thanthe plantedclassifica-
tion is no longerthe optimal classificationandwe cannothopeto

perfectlyrecoverit.

7. CLASSDISCOVERY IN
GENE EXPRESSIONDATA

To evaluatethe usefulnes®f our approachyve appliedit to sev-
eralgeneexpressiordatasets.They all comewith a known classi-
ficationthatis eitherbasedon pathologicalconsiderationsor was
discovered using manualanalysisof geneexpressiondata. The
datasetsare: Leukemia: 72 expressiorprofilesreportedby Golub
etal [11]. Thesesamplesaredividedto two variantsof leukemia:



25 samplesof acutemyeloidleulemia (AML) and47 samplesof
acutelymphoblastideukemia (ALL). mRNA was extractedfrom
63 bonemarrav samplesand9 peripheralblood samples. Gene
expressionlevels in these72 sampleswere measuredising high
densityoligonucleotidemicroarraysspanning7129 genes. Lym-
phoma: 96 expressionprofilesreportedby Alizadehet al [1]. 46
of theseare of diffusedlarge b-cell lymphomaDLBCL) samples.
The remaining50 samplesare of 8 typesof tissues.In our anal-
ysiswe usedgeneexpressiormeasurementsf 4096genesshavn
in [1, Figurel1]. Lymphoma-DLBCL: This datasetis the subset
of 46 DLBCL samplesrom the lymphomadataset. Alizadehet
al separatedthesesamplesnto two classesserminalcente B-like
DLBCL, andActivatedB-like DLBCL.

In eachof thesedatasetswe run the peelingprocedureusing
the maximumsurprisescoreof Section3.1. Table 1 summarizes
the scoresof the top discovered classificationsusing the various
scoringmechanismsve discusse@bore andtheir differencefrom
theoriginal classificatiorof the data.

On the leukemiadatasetwe run our searchprocedurewith the
additionalconstraintthatit shouldonly examinelabelingwithout
controltissues.Peelingfound six labelings thefirst four of which
areshavnin Tablel. All six labelingsscorebetterthantheoriginal
labeling by both the max-surpriseand Sanw scores,and by the
numberof “significant” genes.The first threelabelingsalsohave
betterLOOCYV accurag thanthe original score. Thus,we believe
that eachof thesecapturesa significantdistinction. Note thatthe
first threelabelingsare quite differentfrom the original one (the
Jackardcoeficientis low). Of the next threelabelings,two (4 and
6) areverysimilartotheoriginallabeling,yetreceve slightly lower
LOOCV scores.

In the Lymphomadataset, peelingfound 7 labelings. The top
2 labelingsscorebetterthanthe original labelingsbothin termsof
max-surprisescoreandLOOCYV accuray. Thefirst labelingcon-
tainsalargegroupwhich containsmostly DLBCL sampleg34 out
of 37), and anothergroup consistingmostly of samplesof other
typesof lymphoma(Fl andCLL) . We notethoughthatadditional
12DLBCL aresetascontrols.Thus,we suspecthatthis classifica-
tion is basedngenesvhoseexpressiorseparateBLBCL samples
from thetypeswe mentionedabove.

Whenwe focusedon the DLBCL samplegconstrainingall oth-
erssampleso be controls),peelingfound 4 labelings. Thesela-
belingsareall quite differentthanthe onereportedby Alizadehet
al [1]. All threescorehigherin termsof max-surprisendaresup-
portedby largernumberof genesThe classificatiorof Alizadehet
al, however, hashigherLOOCYV accurag.

For someof the DLBCL samplesAlizadehetal alsoreportsur
vival data[1]. They shav thatthe classificationthey discover in
the datais a goodpredictorof patientsurvival chancesThey also
shaw, that this distinctionis informative even if they focusonly
on low clinical risk patients. (Clinical risk is evaluatedusingin-
ternational prognosticindex, a standardnedicalindex, evaluated
at the time the samplewastaken.) In Figure 2 we plot survival
ratesfor patientsfor the four putatve DLBCL classificationde-
scribedin Tablel. As we cansee someof the classificationssuch
asthe forth one, arenot predictive aboutpatientsurvival. Onthe
otherhand the seconcandthird classificationsrepredictive about
the survival chancesof patientswith good prognosticevaluation,
andthe third classificationis also predictive for the whole patient
population.This shaws thatthe classificationsve discover are po-
tentially relevantto the developmentof the disease.

In conclusion,in two of thesedatasetswe manageto recover
closeapproximationgo known biologically meaningfulclassifica-
tions. In addition,in all threedatasetswe uncoveredclassifications
thatareasstronglypronouncedn the data(large numberof genes
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Figure 2: Kaplan-Meier survival plots for the 4 DLBCL classi-
ficationsdescribedin Table 1. The z-axisis the number of years
after the sampleswere taken, and the y-axis is the fraction of
patients survived sofar. Each plot shows the survival rate for
the two classesdefined by a putative classification. The plots
on the left column shaw the survival rate of all 40 patients for
whom survival data is available. The plots on the right column,
show the survival rate of the 24 patients with low clinical risk
(se€[1] for details).



at significantp-value). Theseclassificationgmight be biologically
meaningfulor artifactsof the samplepreparationpr hybridization
procedures.n eithercase,it is importantthat the analysisof the
resultstake in to accountsuchstrongsignalsin theexpressiordata.

8. CONCLUSIONS

Thecontribution of this paperis threefold.First, we putforth the
problemof classdiscovery anddistinguishit from standardclus-
tering problems. Second we proposeseveral criteria for evaluat-
ing putative classificationdor significance.The centralideais to
quantify the overalundanceof genesthatareinformative with re-
spectto a putative classification. Finally, we develop an efficient
searchprocedurdor finding multiple significantclassificationsn
datasets.

The main criterion we usein searchingfor new classifications
is the max-surprisescore. This scoreis appealingboth becausef
its definitionis clearandcanbe easilymappedo biological coun-
terparts,andbecausét canbe efficiently evaluated.Our synthetic
evaluationshaws that searchingusingthe max-surprisescorecan
recoser a“true” classificationn syntheticdataundera wide range
of operatingparametericludingthe numberof relevantandirrel-
evantgenestheamountof variancen the expressiorievel, andthe
differencebetweerthe expressiorof genedn two classes.

Whenwe appliedthis procedureo real-life cancerelatedgene
expressiondatasets,we found multiple highly pronounceclassi-
ficationsthat were supportedby independengvaluationmethods
that measurehe predictvenesof the classifications.Our proce-
duremanagedo recover closeapproximationso known classifica-
tion in two of thesedatasets.

The work reportedhereopensseveral intriguing researchques-
tions. First, both the max-surpriseandthe Sanw scoreexploit a
strongindependencassumption.This assumptiorcanpotentially
overstatehesurpriseof thescoresve obserein thedata.Thus,al-
thoughourprocedureperformedwell in practice we still mightbe
ableto improve uponthemby relaxingthis independencassump-
tion. A potentialdirectionof work is estimatingthe distribution of

N<, (L) underthenull hypothesisvithoutassumingndependence.

A first cut approachis basedon stochasticsimulation. Unfortu-
nately simple stochasticsimulationis useful only for estimating
the distribution of scoreswith relatively large p-value. For scores
with smallp-values,we will needmassie repetitionsof the simu-
lation to geta single casewheresucha scoreis attained. We are
currently working on developing more sophisticatednethodsfor
estimatingthe distribution of N< (L) underthe null-hypothesis,
andusingthis estimatego geta betterassessmerf the surprise.
Anotherissueis the searchprocedure.In this work we mainly
focusedon the criteria for evaluating putative classificationsand
usedsimulatedannealinga fairly genericsearchmethod with pa-
rametersthat ensurea wide search. In addition we usedpeeling
for finding multiple classificationsIn the future, we planto study
the theoreticalpropertiesof this optimizationproblem,aiming at
developingprincipledmethoddor this task.
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