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Abstract

With the exploding volume of microarray experiments
comesincreasinginterestin mining repositoriesof suc
data. Meaningfully combiningresultsfrom varied experi-
mentson an equal basisis a challengingtask. Here we
proposea generl methodfor integrating heteongeneous
datasetsbasedonthe consensuslusteringformalism.Our
methodanalyzesouice-specificlusteringsandidentifiesa
consensuset-partitionwhich is as closeas possibleto all
of them.We developa geneal criterion to assesshe poten-
tial benefitof integrating multiple heteogeneousiata sets,
i.e. whetherthe integrated data is more informative than
theindividual data sets We apply our methodson two pop-
ular setsof microarray datayielding geneclassificationf
potentially greaterinterestthan could be derivedfrom the
analysisof eadh individual dataset.

1. Intr oduction

Microarray experimentsprovide measure®f geneex-
pressiorievelsunderagivensetof experimentatonditions.
Varying the experimentalconditionseven slightly can po-
tentially reveal differentially expressedyenesor groupsof
geneswith similar expressionpatterns.As the volume of
microarraydatagrows, thereis increasingnteresin mining
large datarepositoriesHowever, meaningfullycombining
experimentaldatafrom diversesourcesds a difficult prob-
lem.

Therehave beenseveral previous attemptstoward gen-
eralintegrationof biological datasetsin the computational
biology community Marcotteet al. [15], for example,give
acombinedalgorithmfor proteinfunctionpredictionbased
onmicroarrayandphylogery data,by classifyingthegenes
of thetwo differentdatasetsseparatelyandthencombining
thegenepairwiseinformationinto asingledataset.Pavlidis
etal. [18] usea SupportVectorMachinealgorithmon sim-
ilar datasetsto predictgenefunctionalclassificationBoth
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methodsneedhandtuning with ary particulartype of data
bothprior andduringtheintegrationfor bestresults Ad hoc
approacheo dataintegrationaredifficult to formulateand
justify, anddo not readily scaleto large numbersof diverse
sourcessincedifferentexperimentatechnologiedave dif-
ferenttypesand levels of systematicerror. In suchan en-
vironment,it is not alwaysclearthattheintegratedproduct
will bemoreinformativethanary independensource.

Among generalmethodsfor integrationand analysisof
biologicaldata,clusteringis arguablyamongthe mostpop-
ular anduseful. Clusteringmethodshave beenparticularly
successfulin organizing microarray data and identifying
genesof similar or differentialexpressionsee[4] and[7]
for more details,and are consequentlyusedas a starting
pointfor mary geneexpressiorstudies.

We proposea methodologyof consensuglusteringas
anapproacho integratingdiversesourcef similarly clus-
teredmicroarraydata.We seekto exploit the popularity of
clusteranalysisof biologicaldataby integratingclusterings
from existing datasetsinto a single representatie cluster
ing basedon pairwisesimilaritiesof the clusteringslUnder
reasonableonditionsthe consensuslustershouldprovide
additionalinformationto thatof theunionof individualdata
analysesThe goalsof consensuslusteringareto (1) inte-
gratemultiple datasetsfor easeof inspectionand(2) elim-
inatethe likely noiseandincongruencie$rom the original
classificationsFigure1 picturesthis approach.

In this paper:

e We develop heuristicsfor performingconsensuslus-
tering,specificallyfor thatof solvingthe medianparti-
tion problemon setpartitions,thatwork well in prac-
tice on problemswith hundredsf datasets(e.g. dis-
tinct microarrays)of thousandsof entities (e.qg. all
genesdn yeast).

¢ \We investigatethe useof consensuslusteringfor in-
creasingthe reliability of microarraygeneexpression
data.We shav thattheconsensuslusteris robust,even
whenderived from smallnumbersof independenbb-
senationseachwith up to 25%falseclassifications.
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Figure 1. Five “similar” clusterings of a hypo-
thetical data set and their consensus.

e Thereis no guaranteethat integrating two different
noisy datasetsyields a more meaningfulresultthan
eitherdataseton its own. We develop a generaldata-
independentriterionfor assessmemtf the efficacy of
aconsensuslustering.

e Toprovetheutility of ourmethodsn practiceweinte-
gratecollectionsof variousdatasets,of bothrealand
simulateddata.We shav how similar clusteringscan
be identified by experimentclustering(asopposedo
geneclustering) andshaw thatbiologically similarex-
perimentindeedclustertogether

e Statisticalp-valuesareessentiato evaluatethe mean-
ingfulnesof aproposeaonsensuslustering We pro-
posetwo classef p-valueswhich enableusto mea-
surethe significanceof the amountof agreemenbe-
tweena “gold standardclusteranda givenconsensus
setpartition.

2. Comparing Clusterings

Our consensusclustering idea dependson quanti-
fying the pairwise similarity betweendifferent cluster
ings. A clusteringis a groupingof objectsby similarity,
wherean objectcanbelongto only onecluster If we dis-
regard the distancesbetweenthe clusters,a clusteringis
equivalentto a set-partition

Formally, a set-partition,z, of I = {1,2,...,n},isa
collectionof disjunct,non-emptysubsetgblocks,clusters)
that cover I. We denotethe numberof blocksin 7 by |x|,
andindicatethemas By, By, ..., B . If apair of different
elementsbelongto the sameblock of 7 thenthey are co-
clusteredptherwisethey arenot.

Many measuresf set-partitionsimilarity have beende-
velopedandimplementedoward solving differentclassifi-
cation problemssuccessfullyAmong thesemeasuresthe
simplestandwidely usedis the Randindex [19]. Othersin-
clude the Adjusted Rand(correctionof Randfor chance)

by HubertandArabie[13], the FawlkesandMallows mea-

sure[8], andthe Jaccardndex [6]. All of thesemeasures
arebasedon enumeratiorof pairsof co-clusteredlements
in the partitions.

Giventwo set-partitionsr; andw,, the contingeng ta-
ble below classifiesthe pairs of elementsfrom 7; and m,
basedon their co-clusterednesis eachpartition, and also
in bothsimultaneously:

Part.1/ Part.2 | co-clustered notco-clustered
co-clustered a b
not co-clustered c d

Thus, a equalsthe number of pairs of elementsco-
clusteredin both partitions,b equalsthe numberof pairs
of elementsco-clusteredn 1, but notin 2, etc. Hence,
in termsof the agreemenbetweerthe two set-partitionsa
andd arecountsof pairsthat have beenconsistentlyclus-
teredin both partitions. On the other hand, b and ¢ in-
dicate inconsistenciedbetweenthe partitions. Notice that
a+b+c+d= (}), thetotal numberof differentpairs
of n elements.

TheRandindex s definedas R(my,m2) = (a +d)/(}).
Thisis thenumberof pairwiseagreementbetweerthe par
titions, normalizedso that it lies between0 and 1. The
complementaryneasureRanddistancejs definedas1 —
R(m,m2) = (b+c¢)/(3) andit givesthefrequeng of pair
wise disagreementisetweenr; andmrs.

For our measureof choicewe accepthe un-normalized
form of the Randdistance,

d(ﬂ'l,ﬂ'z) = b+C

This distanceis a metric andis equivalent[9] to the sym-
metric differencebetweenthe setsof all co-clusteredairs
in m; andms (i.e. the symm.diff. of the equivalencerela-
tionsinducedby the partitions)?*

We notethatthe symmetricdifferencemetrichasa nice
propertythatit is computablén lineartime. Namely a + b
anda + ¢ arecomputablén O(|m1|), O(|m2]|) resp.,(asthe
sumsof the numberof co-clusterecpairsin eachpartition,
i.e. >Iml (B4), andsimilarly for . Also, it is possibleto
computea in O(n) asshavnin [2]. Thus,we will consider
computingd(n,72) anO(n) operationfor ary two parti-
tionsof n elements.

3. Consensu<lustering

A consensuset-partitionshouldbe representatie of the
givensetpartitions,thatis, in termsof similarity it should

1 Reégnier[20] andMirkin [16] wereamongthefirst to proposethe use
of the symmetricdifferencedistanceas a dissimilarity measurebe-
tweentwo relations,and male attemptsat the problemof finding a
medianrelation.



be closeto all givenones,or in termsof distancejt must
not be too far from ary of them.Oneway to do this is to
find a partition that minimizesthe distanceto all the other
partitions.

CONSENSUSCLUSTERING(CC): Givenk partitions,
m, T2, - - -, Tk, find a consensugartition 7 that minimizes
S = Zle d(m;, ), whee d(.,.) is the symmetricdiffer-
encedistance

This problemis known in the literature as the median
partition problem Implicitly, it appearsas early as the
late 18th century [26]. The first mathematicaltreatment
goesback to Régnier [20], where the problemis trans-
formedinto an integer program,and a branchand bound
solutionis proposedMirkin [16] offers an interestingax-
iomatic treatment,using propertiesof equivalencerela-
tions to prove someboundson the solution. Krivanekand
Moravek [14] and Wakabayash[25], using different ap-
proachesproved in 1986 that the medianpatrtition prob-
lem is NP-completeA nice axiomatictreatiseof the prob-
lem is givenin BarthelemyandLeclerc[1]. Wakabayashi
[26] givesanin-depthgraph-theoryanalysisof the median
partition problem,from a perspectie of relations,andcon-
cludesthatapproximatingrelationswith a transitve oneis
NP-completeén general.

CC is NP-completein general,yet it is not known
whetherit is NP-completefor ary particulark. The case
of k = 1 is trivial, sincethe partition itself givesan opti-
mal solution. The caseof £ = 2 is alsosimple:giventwo
set-partitions,any of them solves the problem optimally.
Namely herewe wantto minimized(mwy, 7)+d(m, 7). The
triangleinequalityyields: d(my, 7) + d(m, w3) > d(m1,72),
andwe obviously achieve this minimumby choosingeither
w1 Of 5. Nothingis known for k& > 3.

In light of its hardnessexactly solving large instances
of CC is intractable.Even so, exact methodshave been
implementedTushaug24] offersa branchandboundap-
proach,which works only for small n. Wakabayash[25]
andGrotschelandWakabayashj12] give a Cutting planes
solution,whichworkswell for n in thehundreds.

A variety of approximationshave also beenappliedto
this problem.From linear programmingrelaxationsof the
integerprogram[20], throughLagrangearRelaxation21],
to a numberof hill-climbing heuristics[20], [5] andmeta-
heuristicslike taboo searchand simulatedannealing[5],
noneof the approximationsave yieldedary performance
guarantees.

4. Heuristics

We presenthreedifferentheuristicsor themedianparti-
tion problem.In Sectiord.1we presenaisimplefactor2 ap-
proximationalgorithm.Thenwe give two fast,local search

heuristics,a greedyand a SimulatedAnnealing,basedon
one elementmoves from one block to anotherin the me-
dianpartition.We discusgheimplementatiorin Sec.5

4.1. Factor-2 Approximation

Algorithm 1 Givenan instanceof CC, selecta partition
m € {m, ma, ..., m} thatminimizesS = Zle d(m;, ).

In otherwords,this algorithmyields one of the given par
titions which minimizesthe distancefrom it to all the oth-
ers.

It is easyto shav thefollowing lemma[9]:

Lemma1l Algorithm1 is factor-2 approximationto prob-
lemCC.

Thetime compleity of this algorithmis O(k%n), since
it takesO(n) to computethedistancebetweerary two par
titions, andthereareO(k?) pairs.

4.2. OneElementMoves

Anotherapproactguessesaninitial solutionfor the me-
dian,andimprovesthe solutionby moving aroundthe ele-
mentsfrom oneblock to another The initial guesscanbe
random.or, for example the outputof Algorithm 1.

One element moves between blocks are a natural
way to move from one to anotherset-partition.For ex-
ample moving element4 from block 1 into block 2 of
{{1,4,5},{2,3}} gives{{1,5},{2,3,4}}. If movesinto
empty blocks, and moves from singletonblocks are al-
lowed, it is clearly possibleto getfrom a givenset-partition
to ary other Thus, one elementmovescanbe usedto ex-
plorethesetof all set-partitions.

Next, we shov how the sumof distanceghangesftera
oneelementmove. We definethe characteristiovectorof a
set-partitionr, as:r;;, = 1iff 4 and;j areco-clusteredand
rijp = 0 otherwise Thenit canbe shavn thatthe symmet-
ric differencedistancebecomes

d(mi,me) = Z (rij1 + rije — 2rijiTije)
1<i<j<n

Then,the sumof distancesn CC of a medianpartition
m togivenmy, me, . . ., Partitionscanbewritten as:

S= > > (rij+rip — 2ririzp)
1<p<k 1<i,j<n
or aftersomealgebra
S= X 2 Tt T Y
1<i,j<n 1<p<k 1<i,j<n 1<p<k

Let us definesomeuseful shorthandsat this point. For
giveni, j thematrixri;. = >, ., Tijp COUNtsthe num-
berof times:i and; areco-clusteredn all R, set-partitions.



Obviously 0 < r;;. < k. For corveniencewe let
K;; = k — 2r;;., andnotethatall K;; areof thesamepar
ity as k and range between —k and k. We also let

Di<ij<n 2a<p<k Tidp = 2a<ij<nTij. = R. With all
theabove, our sumbecomes

S = Z Tijz'j-f-R Q)

1<4,5j<n

Let = be our initial guessfor a medianpartition, and
let its blocks be By, Ba, . . ., Bx|, Bix|+1, Wherethe last
blockis theemptyblock. Thenmoving one-elementsayz,
from B; to By, amountsto transformingthe set-partition
T = {Bl,BQ, - ’B|7TH‘1} into 7/ = {Bl/{.’E},BQ U
{z},..., Bjx|+1}. Sincewe allow movesinto emptyblocks
too, the total numberof blocks to which an elementcan
moveis always|m|.

Thus,if 7}, is the characteristiovectorof 7' the change
in S afteranelementmoveis

AS = Z (’f'z'j—’r;'j)Kj'

1<4,j<n

Becauser andr’ arevery similarit is obviousthatmost
of r;; will beequalto their counterparts;;. Thefollowing
straightforward Lemma quantifiesexactly which r;;, r;;
aredifferent.

Lemma?2 Letn' be the set-partitionobtainedafter mov-
ing elementz in 7 to a differentblock. Alsolet r;; and ng
bethecharacteristicvectos of r and~’, respectivelyasde-
finedabove Then

1,

e if i # z andj # z thenr;; —r;; =0

e ifi=zorj=zandr; =1thenri; =0
eifi=zorj :a:andrgj =1thenr;; =0
Thefollowing is adirectconsequencef theabove.

Corollary 1 Movingz in w fromblock B, to By, yields

ASz.asp = Z K$j - Z K$j

all j € B, all j € By
J#z J#z

Thus, to calculateAS after moving z into a different
block, we needonly go throughthe K;;'s associatedvith
the elementsn the blockswherez is moving to andfrom.
The matrix K can be calculatedfrom the n x n matri-
cesr;;., which in turn can be obtainedby pre-processing
mp, 1 < p < kin time O(n%k). This givesus a fastway,
O(|B,| + |Bs|) stepsio updatethe sumof distancesS af-
teramove of anelement.

4.3. Simulated Annealing

We usethe fastupdateabove to designa SimulatedAn-
nealingalgorithmfor themedianpartitionproblem.Thetar
getfunctionto minimizeis S, the sumof distancesA tran-
sitionis a randompair of anelementz,1 < z < n, anda
blockto moveit to blocks,, 1 < blocks, < |7 + 1].

Algorithm 2 Givenk set-partitionsr,, p = 1..k, of n ele-
ments,

1. “Guess” aninitial medianm
2. Pre-procesgheinput set-partitionsto obtain K;;;
3. SA(trans.:(z, blocky,), function: S)

4.4, GreedyAlgorithm

An alternatve to performingrandomoneelemenimoves
is to performbestoneelemenimoves,ateachstep(greedy),
toward a bettermedianpartition (while suchmovesexist).
We pre-processr into a matrix M, wherethe rows arethe
elementsof = andthe columnsits blocks (plus an empty
block). An entry M;; is indicative of the costof moving el-
ement; to block 7, calculatedasfollows

M;; = Z K;
alll e Bj
144

with Ky = k — 2ry. and B; definedas above. We let
M jxj41 = 0.

In additionto M two n elementarrays,mb andmuv are
maintained wheremuv; is equalto the leastof all entries
M;; in row ¢, andmb; is equalto the block (i.e. second
index) of the smallestof all entriesM;; in row 4. M and
the vectorsmv andmb canbe obtainedfrom r;;. andw in
O(n?), sincewe sumovern valuesfor eachelement.

The bestone-elemenmove in 7 is the one that maxi-
mizesAS, giventhatAS > 0. It is easyto show from Cor.
1that

AS'w:a—>b = My — My

As M,, is fixed, maximizing AS is equialentto finding
theminimal M,;, whichis muv,. Thus,thebestone-element
move for z is to block mb,. There are no one-element
movesleft if M; piocr; — mu; < 0 for all elements.

Oncethebestoneelementmove hasbeenidentifiedit is
easyto seethatthe updatesof M, thevectorsmv andmb,
andfinally S canbedonein O(n) time.

Algorithm 3 Givenk set-partitionsr,, p = 1..k, of n ele-
ments,

1. “Guess” aninitial medianm

2. Pre-processthe input set-partitionsand 7 to obtain
Ki]' andMij



3. Until bestoneelementmovesexist performthemand
updateS, M, mv, andmb afteread.

5. Implementation

We have developeda generabkoftwaresystem CONRAS
(CONsensugArtitioning System)[9], asa unified frame-
work for handling set-partitiondatastructuresand opera-
tions on them, as well as dataextraction interfaces.In it
weimplementedhethreeheuristicsabove (Best-of-k,Best-
one-mae, and SA-one-maee). We usedthe algorithmsof
Wilf [17] to generateandenumerateset-partitionsOverall
the algorithmsare very closeto real time. In its final ver-
sion,the slowestof thethreeheuristics SA-one-mwe, runs
in underaminuteon aninstanceof n = 1000, ¥ = 300, on
a450MHzPIl, 192MB RAM PC.

Next, we assesghe performanceof our heuristicsin
practiceby (1) comparingthe overall performanceof all
heuristicson five simulatedandthreereal datasets,and(2)
analyzingin detail the bestheuristics (SA-one-mwe) per
formanceon completelyrandominput, and on meaningful
but noisy input. In the next sectionwe describeour stud-
ieson realdatasetsandpoint out someinterestingfindings.

5.1. Comparison of the threeheuristics

In our first study we comparethe overall performance
of the threeheuristicson 7 datasets five of simulatedand
two of realdata.Preliminarystudiesndicatedthat SA-one-
move and Best-one-mwe do not dependon the numberof
set-partitionsgiven initially, when that numberis higher
than 20. Furtherstudiesare neededor smallernumberof
setpartitions.Thus,all five simulateddatasets,R;, . .., R5
consistof 50 random set-partitions.The numberof ele-
mentsin the set-partitionis n = 10, 50, 100, 200, 500 re-
spectvely. The two real data sets, yst and ccg are de-
scribedin Section6. The resultsare shavn in Table 1,
wheretheresultingconsensupartitionsaresummarizedy

Data| n k BOK | BOM | SAOM
yst | 541 | 173 | 0.172| 0.165| 0.139
ceg | 541 | 73 | 0.186| 0.176| 0.139
Ry 10 | 50 | 0.173| 0.147| 0.138
R, 50 | 50 | 0.094| 0.086| 0.061
R; | 100 | 50 | 0.059| 0.054| 0.036
R, | 200| 50 | 0.313| 0.256| 0.231
Rs | 500 | 50 | 0.418| 0.399| 0.351

Table 1. Tests on seven data sets show good
performance of SA-one-mo ve

the averagesumof distancego the givenset-partitionsi.e.
Avg.SOD = S/((3) * k).

The SA-one-me is averagedover 20 runs. Best-one-
move wasalwaysseededvith the Best-of-kresult,and SA-
one-mae with a randompartition. As expected,the hill-
climbing, andthe simulatedannealingdid betterthanbest-
of-k in every test (there could be a data set, though, for
which Best-one-muge cannotfind a one elementmove to-
ward a better consensusthus performing no better than
BOK). In all of the7 testdatasetsSA did betterthanBOM.

Our conclusionis that SA-one-mee doesa goodjob in
betteringthe consensusftenbetterthan20%thanBest-of-
k, andis thereforeour heuristicof choicefor solvingCC in
practice.

5.2. Efficacy of Consensu<Clustering

Next, we did amoredetailedstudyto analyzethebehar-
ior of SA-one-mae on randomset-partitionsFor various
n rangingfrom 50 to 1000, we generated0 set-partitions
of n elementsandran SA-one-mae 100 timesfor eachn.
Theresultsof the studyarereportedn Table2.

It is clearfrom the tablethat on randomdatathe Avg.
SODvaluesof the consensuaredistributedaroundmeans
thatdependbn thenumberof elementsn the set-partitions.
Thedependencis complex thoughmostlikely becaus¢he
Symm. Differencedistanceis not normalizedor corrected
for chance Note the apparenhon-monotonicityof the de-
pendencelf the partitionsarestrictly bi-partitions,thenthe
dependencés strictly monotonougexperimentalobsena-
tion). Thuswe suspecthatthe expectednumberof blocks
in aset-partitiorof sizen is intimatelyconnectedo theran-
dom symm.differencedistance althoughmore studiesare
needed.

This table canbe usedto tell if the consensugpartition
is meaningful(i.e. how close(tight) arethe datasets par
titions). Namely if the Avg. SOD of a consensugatrtition

n | Avg.SOD n Avg. SOD
20 0.1143 250 0.3816
30 0.0864 300 0.4416
40 0.0682 400 0.4327
50 0.0577 500 0.3658
75 0.0423 600 0.3112

100| 0.0341 700 0.2719
120 | 0.2246 800 0.2407
150 | 0.2142 900 0.2163
200 | 0.2948 1000| 0.1963

Table 2. The dependence of the Consensus
Partition Avg. SOD on n is non-monotone
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Figure 2. Performance of the SA-one-move
heuristic under noise . Each point represents
20 runs of the SA, for k = 50 given set-
partitions. Evidently, good results are ob-
tained even for noise levels of up to 25%.

of a given profile of set-partitionsis closeto the average
in the tablefor thatn, thenwe canconcludethat the pro-

file of set-partitionsarelik ely too spreadut for theconsen-
susto beinformative.

5.3. A NoiseStudy

We designedh noisestudyto assesfiow well our algo-
rithm eliminatesinherentnoisein the original clusterings.
Given a set-partition,noiseis introducedin it by perform-
ing oneelementmoves.If n is the numberof elementsn
partition 7, andm the numberof one elementmoves,we
definetheamountof noiseas:m/n. An m-noiseneighbor
hoodof a partitionincludesall partitionsat mostm oneel-
ementmovesaway fromit. We shav elsevherethatoneel-
ementmovesarea goodmeasuref noise[9].

To evaluateour algorithmon noisyinput, we performed
a Monte-Carlostudy wherefor a given level of noise,we
generated randomset-partitionsn them-noiseneighbor
hood of an original one,andthencalculatectheir consen-
suspartition.We repeatedhis 100timesfor eachnoiselev-
elsbetweenl0 and80%, andfor differentvaluesfor n (the
sizeof the set-partitions)andk, their number The results
for the SA-one-mee heuristicareshovn in Fig. 2.

6. Data and Clusterings

We appliedour methodgo expressiordataof yeast(Sac-
charomycescerevisiae). A comprehensie resource for
yeast microarray data is the SaccharomycesGenome

Databaseat Stanford where more than 600 experi-
mentson yeastare available (asof Januaryl, 2003).Here
we will usethe populardatasetsby Cho et al.[4], Spell-
man et al.[22], and Gaschet al. [11], all obtainedfrom
the SGD. See Filkov et al. [10] for reviews of meth-
odsusedto analyzethe dataof thefirst two.

The Cho et al. and Spellmanet al. datasetswere pro-
ducedin studiesof cell cycling genesof yeast.Thefirst one
consistsof 17 microarrayplates(17 experiments)of 6601
orfs. The second consistsof threedifferent datasets(al-
pha,cdcl15,andelu) of 18, 24,and14 experimentsrespec-
tively of 6177orfs. Both of theseexperimentsareknown as
the cell cycling genes(ccg) experimentsconsistingof 73
experiments.

In the third experiment,also known asthe yeaststress
(yst) experimenttheresponsesf 6152yeastorfs wereob-
senedto 173differentstressconditions like sharptemper
aturechangesexposureto differentchemicalsegtc.

To clusterthemicroarraydatasetswe usedour own clus-
teringtools, developedin earlierstudies[3], basedon me-
dian link, hierarchicalclustering,with the Euclideanmet-
ric asthemeasuref distanceWe clusteredheyeastORFs
for eachexperimentin the datasets.We seta thresholdof
50clustersn our clusteringtool. Thedatasetswerecleaned
of missingvaluesby discardingrows thathadary, andthe
ORFswerematchedhcrossll datasetsJeaving uswith 568
genesand246setpartitions.

7. Integrating Real Data

The ideaof consensusglusteringis to combinesimilar
clusteringsnto onerepresentatie clustering.We judgethe
benefitof anintegrationby whethertheresultingAvg. SOD
is closeto the Avg. SOD of a similar numberof random
set-partitionsin 7.1we shaw interestingresultsof consen-
susclusteringof integrateddatasets,whenwe don’t know
how closethe clusteringsare.In 7.2 we aimto do a better
job by first identifying similar clusteringsyia clusteringof
theclusteringsandthenfinding the consensusvithin those
similar groupsof clusterings.

7.1. All experiments

First of all, we attemptedo integratethe set-partitions
from the Spellmanet al. data.The combineddatasettotals
56 conditions(18in alpha,24in cdc15,and14in elu).

SA-One-Move wasrun on eachthreeof the Spellmans
subsetsandonthecombinedset. TheresultingAvg. SODs
are: alpha,0.1121, cdc15,0.1042, elu, 0.1073, and com-
bined,0.107. We wantthe Avg. SODto beassmallaspos-
sible, thus,integratingthe datasetsis beneficialfor all but

2 http://genome-wwvgtanford.edu/Sabaomyaces/



cdc15,which appeargo be a “tighter” setto begin with.
Theothersbenefitfrom theintegration,especiallyalpha.An
interestingthing happensavhenthe Cho et al. datais inte-
gratedwith the Spellmanet al. data. Namely the 17 set-
partitionsof Choetal. yieldeda consensusvith Avg. SOD
of 0.145. Whenjoined to the 56 partitionsof Spellmanet
al. theAvg. Soddroppedo 0.1392. Comparedo theabove,
Spellmans datais muchtighter than Cho’s, and only the
secondnebenefitsoverall from theintegration.

Integrating acrossstudies,we usedour heuristicon all
246 set-partitionsf yst andccg Individually, they scored
Avg. SODsof 0.1771 and 0.1392, respectiely, and inte-
gratedanAvg. SODof 0.1659. Thisgoesto saythatGaschs
datawasnotas“tight” asthecell cycling genegdata.Again,
therewasa certaingainfrom theintegration.

It is, of coursejnterestingo obsenetheco-clustere@n-
tities in the actualconsensugpartitions.Herewe briefly re-
porton two randomexamplesfrom the consensusf Spell-
man’s data, illustrative of its generalutility. The following
two genesvere,asexpectedco-clusteredYPR178wapre-
mMRNA splicing factor andYOL039w, a structuralriboso-
malprotein.Bothareinvolvedin transcriptionLik ewisethe
following two genesoccurtogether:YHL027w, a meiosis
transcriptionfactor and YLR097c¢, whosefunction is un-
known. Again we leave out the detailedsummariesf the
consensupartitionsfor thefull versionof this paper

Although therewere somebenefitsto the integration of
the whole datasets,they are not spectacularThis wasto
beexpectedasthe 246 experimentsveredifferent,andthus
causedlifferentreactionsn theyeastgenesTo do a better
job at the consensusve mustidentify similar experiments,
i.e.experimentsn whichthegeneavereclusteredsimilarly,
accordingo thesymmetricdifferenceWe describeoneway
to dothatin the next section.

7.2. Clustered Experiments

We usedthe symmetric differencedistanceto cluster
the clusteringqi.e. identify similar experiments) First off,
we built a matrix of distancedbetweenall 246 clusterings.
Then, we fed this distancematrix into our clusteringtool
(averagelink, hierarchicalclusteringwith Euclideandis-
tanceasthemetric). Againwe limited theoutputto 50 clus-
ters.The elementsof eachclusterare experimentshamed
following the original experiments.Thus, ccg compriseof
alphax, cdex, andelux, andyst of the rest. The resulting
clustersaregivenat our website3

Theresultingclustersshov withouta doubtthatbiologi-
cally similar experimentsactuallyclustertogethermostof
the cell-cycle experimentsare clusteredn separatgroups

3 http://wwwcs.ucdsis.eduifilk ov/integraton/

from the rest,althoughthereare morethanone suchclus-
ters).

For each cluster of experiments (i.e. set-partitions),
we calculated the consensusclustering. The result-
ing Avg. SODsshaw betterconsensuses.e. tighter sets,
thanthe overall integrationof the previous section.We no-
ticed that for smaller numberof experimentsin a clus-
ter, the Avg. SOD becomedargerthanthe one of all 246
set-partitionsThis is dueto normalizationissueswith the
Avg. SODof consensuseasf smallsetsratherthanthetight-
nessof the consensugasmentionedabove for k£ < 20 this
becomesnissue).

Anotherinterestinghingis thattime courseaxperiments
of bothdatasetsclusteredogetherandyield very nice con-
sensusesThis, arguably points toward the utility of mi-
croarraydataasgenome-scaltoolsfor monitoringperiodic
genechange Pleaserefer to our websitefor moreinsight
into the clusters.

The proceduredescribedabove is in fact a general
method for meaningful data set integration: (1) iden-
tify similar experiments,and (2) computethe consensus
for the similar groupsof experiments.As we seethe ob-
tainedconsensupartitionsarelik ely to bevery meaningful
biologically.

8. P-valuesfor SetPartitions

A commonapproactto evaluatingthe quality of a given
clusteringof a given datasetis to checkwhetherknown
propertiesof the items are reflectedwithin the clustering.
For example,in clusteringmicroarraygeneexpressiordata,
we would expecta subsebf geneswith identicalpromoter
binding sites to appearwithin the sameexperimentally-
derivedcluster However, withoutrigorousassociategrob-
abilities(p-values)hesignificanceof suchobsenationscan
beunclear

8.1. Fixed SizePartitions

Ouir first classof p-valuesevaluatesthe lik elihood that
the givenclusteroccurswithin a partof arandompartition
of n itemsinto & parts.

We notethatthe numberof suchpartitionsis countedby
{}}. the Stirling numbes of the secondkind, which arede-
finedby therecurrence

iy =k{" A"

TheBell numbes B(n) countthetotal numberof setparti-
tionsof n items,andaregivenby

n

Bn)=) {}}

k=1



We definepl(n, k, a, b) to be the probability that there
exists a partcontainingat leasta memberf a predefined
subsetof b itemsin a randompartition of n itemsinto &
parts.

We claim thatpl(n, k, a, b) canbe efficiently computed
for a > b/2 usingtheformula:

S () 2 (M
B

p]'(n7 k’ a7 b) =

Ouramguments basedn countingthenumberof setpar
titions containingsucha prescribedlock. Whena > b/2,
suchablock canoccurat mostoncein ary given partition.
The elementf this block consistof i > a elementsrom
the subsetof b elementsandj of then — b remainingele-
ments.Theremainingn — (¢ + j) elementsnustform a set
partitionwith k — 1 parts.

8.2. Fixed ShapePartitions

Oursecondlassof p-valuesevaluateghelik elihoodthat
the givenclusteroccurswithin a partof arandompartition
of prescribedshape Note that the the probability which a
givenclusterappearsvithin apartitioninton — 1 elements
and a singletonsetis much larger than a bipartition into
equal-sizedsubsetsBy conditioningon the shapeof such
partitionswe cancorrectfor suchphenomena.

Letp = {p1,...,pr} beanintegerpartitionof n, i.e.a
multisetof positive integerssuchZf:1 Pr = n.

We definep2(p, a, b) to bethe probability thatthereex-
istsapartcontainingatleasta memberof apredefinedgub-
setof b itemsin arandomsetpartitionof shapep.

We claimthatp2(p, a, b) canbeefficiently computedus-
ing therecursve formula:

p2p,a,b) = (2 (n")

Zj;ol (I;) <;L1__bi)p2({p2,...,pk}7a,b—’i)

n

()
wherep2({},a,b) = 0 fora > 0 andp2({},a,b) = 1 if
a=0<0D.

Our algumentis basedon countingthe numberof ways
thatthefirst block of sizep; containsthe given cluster by
selectinghei > a of b prescribecelementsandp; — i non-
prescribecelementslf the first block doesnot containthe
requisitenumber we countthe numberof sub-partitionof

shape{p,, . . ., pr} whichdo, conditionedonthenumberof
unusedorescribecelements.

9. Discussionand Future Work

In this paperwe describech combinatorialapproachor
integratingheterogeneoudatabasedon consensusluster
ing, and developedvery fast heuristicsfor it. Becauseof
their generalityand speed,our algorithmsare of indepen-
dentinterestin datamining, classificationand consensus
theory especiallysincethey work onlargeinstancesOn ar-
tificial datathe algorithmsperformvery well, identifying a
goodconsensusvenundersignificantnoise.We wereable
to getinterestingresultsby applyingthemto real data,al-
thoughmoreexperimentareneededo assestherealvalue
of the method.In the last sectionwe presentech general
methodfor dataintegrationand hypothesiggeneratiorand
discovery, similar to two dimensionaklustering,but inde-
pendenbf specificdatasimilarity metrics.

We are working to improve our consensuglustering
methodsin severalways,but mostlyto establisha fully au-
tonomouspbjectvewayto assessvhendatasetscanbein-
tegratedand yield a more informative consensushan the
individual classifications.

We mentionherethat thereis interestfor similar prob-
lemsin Al anddatamining communitiesRecently Strehl
and Ghosh [23] addresseda similar problem as ours,
which they alsocall consensuslustering.Their optimiza-
tion problem considersa different function, one based
on information theoretic conceptsof commonnessbe-
tween clusters, and their solution is basedon different
heuristics.Although the methodsare different (our meth-
odsareindependentnthe numberof clusteringstheirsare
insensitve to missingdata)it would be interestingto com-
parethemsystematically
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