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ABSTRACT
Motiv ation: Time series expression experiments are used to
study a wide range of biological systems. More than 80% of
all time series expression datasets are short (8 time points or
fewer). These datasets present unique challenges. Due to the
large number of genes pro�led (often tens of thousands) and
the small number of time points many patterns are expected
to arise at random. Most clustering algorithms are unable to
distinguish between real and random patterns.
Results: We present an algorithm speci�cally designed for
clustering short time series expression data. Our algorithm
works by assigning genes to a pre-de�ned set of model pro�les
that capture the potential distinct patterns that can be expected
from the experiment. We discuss how to obtain such a set of
pro�les and how to determine the signi�cance of each of these
pro�les . Signi�cant pro�les are retained for further analysis
and can be combined to form clusters. We tested our method
on both simulated and real biological data. Using immune
response data we show that our algorithm can correctly detect
the temporal pro�le of relevant functional categories. Using GO
analysis we show that our algorithm outperforms both general
clustering algorithms and algorithms designed speci�cally for
clustering time series gene expression data.
Availability: Information on obtaining a Java implementation
with a Graphical User Interface (GUI) is available from
http://www.cs.cmu.edu/� jernst/st/.
Contact: jernst@cs.cmu.edu

1 INTRODUCTION
Time seriesgeneexpressionexperimentsare an increasin-
gly popularmethodfor studyinga wide rangeof biological
processes.Examplesincluderesponseto temperaturechan-
gesand other stressconditions[7], immune response[9],
developmentalstudies[1], andvarioussystemsin thecell [20].

While therehavebeentimeseriesexperimentswith asmany
as80 time points[1], almostall time seriesaremuchshor-
ter. To investigatethe frequency of time seriesdataandthe
distribution of their length we have examinedthe Stanford
MicroarrayDatabase(SMD) [8]. While SMD containsonly

experimentscarriedout in Stanford(a smallpartof thetotal
publishedmicroarraydatasets),webelievethatit is represen-
tative of the distribution of microarraydatasets.As of June
2004,SMD containedmicroarraydatarelatedto approxima-
tely 170publishedpapers.Approximately30percentof these
paperscontainedoriginal microarraytime seriesdatawith
threeormoretimepoints1. Many of thesepaperscontainmul-
tiple time seriesdatasets.In total, SMD containeddatafrom
270distinct time seriesexperimentswith threeor moretime
points.In Figure1 we presentthedistribution of thenumber
of time pointsin timeseriesdatain SMD. As the�gure indi-
cates,while someof the time seriesare long mostarevery
short.In fact,over 80% of all time seriesdatasetscontain8
pointsor fewer.

Fig. 1. Distribution of lengths of times series in the Stanford
MicroarrayDatabaseasof June2004

Therearea numberof reasonswhy shorttime seriesdata-
setsaresocommon.Timeseriesexperimentsrequiremultiple
arrays(andin many caseseachpointis repeatedatleastonce)
makingthemvery expensive. While microarraytechnology
havegreatlyimprovedover thelast�v e years,its costis still
highat around$300-1000permicroarraywhich is a limiting
factorfor many researchers.Evenif pricesgodownshorttime

1 Someof the papersin SMD do not presentoriginal data and so the
percentageof timeseriesamongnew expressiondatasetis probablylarger.
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seriesexperimentswouldremainprevalentsincein many stu-
dies it is prohibitive to obtain large quantitiesof biological
material.As an exampleconsidera clinical study in which
blood needsto be drawn from patientsat variouspoints in
time.

Due to the large numberof genesthat arebeingpro�led,
mostpaperspresentingshorttime seriesdatasetsuseoneof
severalclusteringmethodsto analyzetheirdata.Hierarchical
clustering[5] alongwith otherstandardclusteringmethods
(suchas k-meansand self-organizingmaps[21]) are often
usedfor this task. While theseclusteringalgorithmsyiel-
dedmany biological insights,they arenot designedfor time
seriesdata.Speci�cally, all thesemethodsassumethatdataat
eachtimepointiscollectedindependentlyof eachother, igno-
ring thesequentialnatureof time seriesdata.More recently,
a numberof clusteringalgorithmsspeci�cally designedfor
timeseriesexpressiondataweresuggested.Thesealgorithms
includeclusteringbasedon the dynamicsof the expression
patterns[17], clusteringusingthecontinuousrepresentation
of the pro�le [2], and clusteringusing a Hidden Markov
Model [18]. While thesealgorithmswork well for relatively
longtimeseriesdataset(10pointsormore)they arenotappro-
priatefor shortertimeseries.Aswediscussin thenext section
(seealsoResults),thesealgorithmswill over�t thedatawhen
the numberof time points is small. In addition, whenana-
lyzing short time seriesdatasetswith thousands(or tensof
thousands)of genes,many patternscanbeexpectedto appear
at random.Due to noiseandthesmall numberof pointsfor
eachgene,someof thesepatternswill be sharedby many
genes.Mostclusteringalgorithmscannotdistinguishbetween
patternsthatoccurbecauseof randomchanceandclustersthat
representa realresponseto thebiologicalexperiment.

In thispaperwepresentanalgorithmdesignedspeci�cally
for shorttime seriesdatasets.Our algorithmstartsby selec-
tingasetof potentialexpressionpro�les. Thesesetof pro�les
covertheentirespaceof possibleexpressionpro�les thatcan
begeneratedby thegenesin theexperimentandeachrepres-
entsa uniquetemporalexpressionpattern.Becausewe are
dealingwith atimeseriesexperiment,andbecauseit doesnot
containmany points,a relatively smallsetof pro�les canbe
de�ned for suchdata.Next, eachgeneis assignedto oneof
thepro�les, andtheenrichmentof genesin eachof thepro�-
lesis computedto determinepro�le signi�cance.Signi�cant
pro�les caneitherbeanalyzedindependentlyor they canbe
groupedinto larger clusters(basedon noiseestimatesfrom
thedata).Theresultingpro�les or clustersof pro�les arethen
analyzedusingGO annotationsto determinetheir biological
function.

1.1 Relatedwork
As mentionedabove,therearemany generalclusteringalgo-
rithmsthathavebeenappliedtogeneexpressiondata(see[16]
for a review). However, thesealgorithmsdo not take into

accountthe sequentialnatureof time seriesexpressiondata
andthusarelessappropriatefor suchdata.

Thisobservationhasledanumberof researchersto investi-
gatemethodsof analysisspeci�cally designedfor timeseries
data.For instanceRamonietal [17] suggestsclusteringgenes
basedontheirdynamics.Thismethodreliesonregressionand
groupstogethergeneswhosedynamicscanbeexpressedwith
roughlythesameauto-regressiveequation.While thismethod
workswell for long timeseries,it is notappropriatefor short
ones.Even whenusingonly two regressionparameters(the
minimumrequiredto distinguishbetweenupanddowntrend)
a�v e timepointsexpressionexperimentcanonly usethelast
threetimepoints(the�rst two cannotberegressed).Thismay
lead to over�tting, and also resultsin poor clustersepara-
tion aswe show in theResultssection.Bar-Josephet al [2]
presenteda clusteringalgorithmthat usessplinesto cluster
thecontinuousrepresentationof time seriesexpressiondata.
Again, this algorithmis not appropriatefor shorttime series.
Evenwhenonly two splinesegmentsareused,thisalgorithm
requirestheestimationof �v eparametersfor eachgene(anda
few otherclassrelatedparameters).Thiswill clearlyover�t if
thedatasetcontainonly a smallnumberof points.Schliepet
al [18] suggestsclusteringgenesbasedonamixtureof Hidden
Markov Models(HMM). In anEM stylealgorithmgenesare
associatedwith theHMM mostlikely to havegeneratedtheir
time courses,thentheparametersof the HMMs areestima-
tedbasedon thegenesassociatedwith them.This algorithm
requiresthat thenumberof time pointsbe muchlarger than
thenumberof states(or nodesin eachMarkov chain).Thus,
while this algorithmworkswell for long time seriesdatasets
it is notappropriatefor shortones.

Pre-de�nedpro�les havebeenusedin thepastto �t expres-
sionpro�les. For example,Zhaoet al [23] andLu et al [12]
haveusedsinusoidsto identify cycling yeastgenes.However,
unlike our methodthesepro�les requirethe a-priori know-
ledgeof theshapeof thecurvethey wishto �t. In mostcases,
suchknowledgeis notavailable.Möller-Levetet al [14] pre-
senta methodin which a comprehensive set of pro�les is
de�ned.Usingthesepro�les genesareclusteredby assigning
them to matchingpro�les. Unlike our method, their algo-
rithm doesnot selecta subsetof thepotentialpro�les andso
thenumberof pro�les grows exponentiallyin thenumberof
timepoints.Thus,theiralgorithmis only appropriatefor very
shorttime series.In addition,their methodcannotdifferen-
tiatebetweenpatternsarisingfrom randomnoiseandpatterns
representingbiologicalresponse.Thus,many of theresulting
pro�les donot representtruebiologicalresponse.Peddadaet
al [15] suggestsamethodto specifyexpressionpro�les based
oninequalityconstraints.Genesareassignedto thepro�le for
which they bestmatchasdeterminedby a statisticalproce-
dure.Unlike our method,their algorithmrequirestheuserto
specifythesetof pro�les in which sheis interested.In addi-
tion, theirmethodrequiresseveralrepeats.Suchlargenumber
of repeatsareusuallynotobtainedin timeseriesexperiments.
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Themethodpresentedby Hooenetal [3] �ts linearsplines
whenfew time pointsandseveral repeatsareavailable.The
focusof theirpaperisdifferentthanours,asthey areinterested
in leveragingthestatisticalpowerof having severalrepeatsto
betterestimatethepro�le of aspeci�c geneandto determine
if the geneis differentially expressed.In contrastwe focus
onclustering,andourmethodcanwork evenif norepeatsare
availableby leveragingthestatisticalpowerobtainedfromthe
largenumberof genesbeingpro�led simultaneously.

2 IDENTIFYING SIGNIFICANT EXPRESSION
PATTERNS

Our algorithmstartsby selectinga setof potentialpro�les.
Next, genesare assignedto the pro�le that bestrepresents
themamongthepre-selectedpro�les. We�rst discusshow to
chosearepresentativesetof pro�les. Next, wediscusshow we
assigngenestopro�les andhow wedeterminethesigni�cance
of eachof thepro�les, andthen�nally how to groupthem.

2.1 Selectingmodelpro�les
As discussedin theintroductionweareinterestedin selecting
a set of model expressionpro�les all of which are distinct
from oneanother, but representativeof any expressionpro�le
wewould likely see.Hereweassumethattheraw expression
valuesareconvertedinto log ratioswheretheratiosarew.r.t.
the expressionof the �rst time point. The �rst valueof the
seriesafter transformationwill thusalwaysbe 0. To de�ne
a set of model pro�les the userde�nes a parameterc that
controlsthe amountof changea genecan exhibit between
successive time points.For example,if c = 2 thenbetween
successivetimepointsagenecangoupeitheroneor twounits,
staythesame,or godown oneor two units.Notethatbecause
our methodrelieson correlation(seebelow) 'one unit' may
bede�ned differently for differentgenes.For n time points,
this strategy resultsin (2c + 1)n � 1 distinct pro�les. Note
thatthis methodtakesadvantageof both,thefactthatwe are
dealingwith a timeseries(resultingin a limited setof values
at thebeginningcomparedto theend)andthe fact that they
areshort(andson is small).For example,5 time pointsand
c = 1 would resultin 34 = 81 modelpro�les. Sincewe are
dealingwith thousandsof genes,many geneswill beassigned
toeachof the81pro�les allowingusto identify thesigni�cant
pro�les in this experiment.

While the above methodgeneratesa manageablenumber
of pro�les for shorttime serieswhenc = 1, the numberof
pro�les growsasa high orderpolynomialin c. For example,
for 6 time pointsandc = 2 this methodresultsin 55 = 3125
modelpro�les which aretoo muchfor any userto view, and
arealsolikely to beverysparselypopulated.In suchcaseswe
areinterestedin selectinga (manageable)subsetof thepro-
�les. Assumewe areinterestedin m representative pro�les.
Thereare a numberof ways to selectsucha subset.Since

the major purposeof the expressionexperimentis to iden-
tify distinctpatternsof geneexpression(which arelikely to
correspondto differentfunctionalcategories),we would like
to retaina distinctsetof pro�les. Computationallyspeaking,
let P representthe (2c + 1)n � 1 setof possiblepro�les. We
would like to selecta setR � P with m pro�les (jRj = m)
suchthat theminimumdistancebetweenany two pro�les in
R is maximized.Sucha setwill guaranteethat the pro�les
retainedfrom P areasdistinct aspossiblefrom eachother.
This requirementcanbe formalizedby selectinga subsetR
whichmaximizesthefollowing function:

maxR � P;jR j= m min p1 ;p2 2 R d(p1; p2) (1)

whered is a distancemetric.
For asetR let b(R) = min p1 ;p2 2 R d(p1; p2). Thatis, b(R)

is the minimal distancebetweenpro�les in R, which is the
quantitywe wish to maximize.Let R0 be thesetof pro�les
thatmaximizesEquation1. Thus,b(R0) is theoptimalvalue
wecanachieve.Unfortunately, asweproveonthesupporting
website[6], �nding suchasetR0thatmaximizesthisfunction
is NP-Hard. Moreover, an approximationthat guaranteesa
solution that is betterthan b(R0)=2 is also NP-Hard. Both
proofs rely on a reductionfrom the maximal independence
setproblem.

Thus,unlessP = N P, thebestpolynomialalgorithmfor
this problemcan only guaranteea set R which achievesa
valueof b(R0)=2. We now presenta greedyalgorithmthat is
guaranteedto �nd suchaset.Thatis,ouralgorithm�nds aset
of pro�les R, with b(R) � b(R0)=2. Ouralgorithm(presented
in Figure2)startswith oneof thetwotypesof extremepro�les
(goingdown at eachtime point). Let R bethesetof pro�les
selectedsofar. Thenext pro�le addedto R is thepro�le p that
maximizesthefollowing equation:

maxp2 (P nR ) min p1 2 R d(p;p1) (2)

thatis, in eachiterationweselectthepro�le thatis thefurthest
from all pro�les selectedsofar(R). Thisselectionis repeated
until m pro�les have beenselectedand the resultingset is
returned.The top imageof Figure4 illustratesthe pro�les
selectedwhenm = 50andc = 2.

Thefollowing theoremprovesour claimabouttheoptima-
lity of this algorithm:

THEOREM 2.1. Letd bea distancemetric.LetR0 � P be
the setof pro�les that maximizesEquation(1). Let R � P
bethesetof pro�les returnedby our algorithm,thenb(R) �
b(R 0)

2 .

This theoremis provedby consideringtwo casesregarding
the relationshipbetweenthe setof pro�les identi�ed by the
ouralgorithm(R) andtheoptimalset(R0). For bothcaseswe
canshow thatthereexistsapro�le p 2 R thatis atadistance
at mostb(R) from two differentpro�les from R0. Thus,we
canusethe triangleinequalityto show thatb(R0) is at most
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procedureSelectVectorsMaxMinDist(d,P ,m)
let p1 bethepro�le thatalwaysgoesdown oneunit between

time points
R = f p1g; (? Thesetof selectedvectors?)
L = P n f p1g;
for i = 2 to m do

let p 2 L bethepro�le thatmaximizes:
minp1 2 R d(p;p1);

R = R [ f pg; L = L n f pg;
end for;
return R;

Fig.2. Greedyapproximationalgorithmtochooseasetof m distinct
pro�les

twice b(R). A formal proof of this theoremcanbe found in
theAppendix.

Theabovealgorithmperformsm iterationsandeachof these
takesat mostm(2c + 1)n � 1 time for a total runningtime of
O(m2(2c + 1)n � 1). Sincem is small (m shouldbeat most
100in orderto bemanageable),thetotal runningtimeof this
algorithmis smallfor shorttime seriesdatasets(smalln).

It is interestingto brie�y discussa relatedproblemknown
asthek-centersproblem[10] . In ournotations,thek-centers
problemtriesto �nd a groupR thatminimizesthefollowing
equation:

min R � P;jR j= k maxp1 2 P nR;p 2 2 R d(p1; p2) (3)

In otherwords,we arelooking for a subsetR of sizek such
thatthemaximumdistancefrom pointsnot in R to pointsin
R is minimized.Thek-centersproblemtriesto selectcenters
thatarethebestrepresentativesfor thegroupwhileourgoalis
to �nd themostdistinctpro�les. While in generalanoptimal
solutiontooneof theseproblemsisnotnecessarilyanoptimal
solutionto theother, thealgorithmwepresentedaboveis also
known to bethebestpossibleapproximationalgorithmfor k-
centers(theproofisobviouslydifferent).Thus,thisalgorithm
providesthebestof bothworlds:a distinctsubsetthatis also
agoodrepresentationof theinitial setof pro�les P.

2.2 Identifying signi�cant modelpro�les
Givenasetof M of modelpro�les, andasetof genesG, each
geneg 2 G isassignedtoamodelexpressionpro�le m i 2 M
suchthat d(eg; mi ) is the minimum over all m 2 M . Here
eg is thetemporalexpressionpro�le for geneg. If theabove
distanceis minimizedby h > 1 modelpro�les (i.e. we have
ties) thenwe assigng to all of thesepro�les, but weight the
assignmentin the countsas 1=h. We count the numberof
genesassignedto eachmodelpro�le anddenotethisnumber
for pro�le m i by t(mi ).

Next, we would like to identify model pro�les that are
signi�cantly enrichedfor genesin our experiment.Our null

hypothesisis that thedatais memoryless.Thatis, theproba-
bility of observingavalueatany timepoint is independentof
pastandfuturevalues.Thus,accordingto thenull hypothe-
sis,any pro�le weobserveis aresultof random�uctuation in
themeasuredvaluesfor genesassignedto thatpro�le. Model
pro�les thatrepresenttruebiologicalfunctiondeviatesigni�-
cantly from thenull hypothesissincemany moregenesthan
expectedby randomchanceareassignedto them.

Determininga parametricmodel for our null hypothesis
is complicatedby the many noise factorsthat affect gene
expressionmeasurements.Instead,we follow many previous
methodsfor staticgeneexpressionanalysis[4, 22] anduse
a permutationbasedtest.In our case,permutationis usedto
quantifytheexpectednumberof genesthatwould havebeen
assignedto eachmodelpro�le if the datawasgeneratedat
random.Notethatunderthenull hypothesis,theorderof the
observed valuesis random(aseachpoint is independentof
any otherpoint) andthuspermutationsareexpectedto result
in pro�les thataresimilar to thenull distribution.

Sincetherearen timepoints,eachgenehasn! possibleper-
mutations,andall of thesecanbecomputedfor smallvalues
of n. For eachpossiblepermutationwe assigngenesto their
closestmodelpro�le. Let sj

i bethenumberof genesassigned
to modelpro�le i in permutationj (j is oneof then! possible
permutations).We setSi =

P
j sj

i . Then,E i = Si =(n!) is
the expectednumberof genesfor eachpro�le model if the
datawasindeedgeneratedaccordingto thenull hypothesis.
Note that differentmodelpro�les may have differentnum-
ber of expectedgenesandso in generalE i 6= jGj=m (see
Results).

Sinceeachgeneis assignedto oneof thepro�les, we can
assumethat the numberof genesin eachpro�le is distri-
buted as a binomial randomvariable with parametersjGj
andE i =jGj. Thusthe(uncorrected)p-valueof seeingt(m i )
genesassignedto pro�le pi is P(X � t(mi )) whereX �
B in (jGj; E i =jGj). If we weretestingjust onemodelexpres-
sionpro�le for signi�cancethenwecouldconsiderthenumber
of genesassignedto pi to bestatisticallysigni�cant at the �
signi�cancelevel if P(X � t(m i )) < � . Howeversincewe
aretestingm modelpro�les for signi�cance,weneedto cor-
rectfor themultiplecomparisons.WethusapplyaBonferroni
correctionandconsiderthe numberof genesassignedto pi
to bestatisticallysigni�cant if P(X � t(m i )) < �=m . The
runningtimeof thepermutationtestmethodis jGjn!m which
for smallm andn is atmostquadraticin thenumberof genes.

2.3 Corr elation Coef�cient
While the above algorithm and approximationguarantees
works with any distancemetric, in this paperwe focus on
theuseof thecorrelationcoef�cient � (x; y). Thecorrelation
coef�cient hasenjoyed greatsuccessin computationalbio-
logy, especiallywhenusedin a clusteringalgorithm[5]. An
advantageof thecorrelationcoef�cient for ourmethodis that
it cangrouptogethergeneswith similar expressionpro�les
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evenif theirunitsof changearedifferent.However, while the
correlationcoef�cient is useful, it can take negative values
anddoesnot satisfythe triangleinequalityandthusis not a
metric.

Insteadweusethevaluegm(x; y) = 1� � (x; y). Thisfunc-
tionwhilealwaysgreaterorequalto0,isstill notametricsince
it doesnot satisfythetriangleinequality. However, gm(x; y)
doessatisfya generalizedversionof the triangleinequality,
speci�cally, weproveon thesupportingwebsite[6] that:

LEMMA 2.1. gm(x; z) � 2(gm(x; y) + gm(y; z)) .

Wefurtherremarkthattheproofof thelemmaactuallygives
aneventighterupperboundongm(x; z) asa functionof the
speci�c valuesof gm(x; y) andgm(y; z). Notethattheabove
lemmaprovesthat the correlationcoef�cient is a transitive
measure.This might serve asa justi�cation andmotivation
for thesuccessof thecorrelationcoef�cient asit shows that
whenusingthe correlationcoef�cient two highly dissimilar
pro�les cannotbothbeverysimilar to a third pro�le 2.

2.4 Grouping Signi�cant Pro�les
The assignmentof genesto modelpro�les is deterministic.
However,duetonoise,it isimpossibletoruleoutclosepro�les
(evenif not theclosest)asbeingthetruepro�le for individual
genes.If we have a measurementof the noise(for example
fromrepeatexperiments)it ispossibleto determineadistance
threshold� below which two modelpro�les areconsidered
similar (the differencebetweengenesassignedto thesetwo
may be attributed to noise). Suchmodel pro�les represent
similarenoughexpressionpatternsandthusshould begrouped
together.

In orderto determinewhichmodelpro�les shouldbegrou-
pedtogetherwetransformthisprobleminto agraphtheoretic
problem.We de�ne the graph(V; E) whereV is the setof
signi�cant modelpro�les, andE is thesetof edges.Two pro-
�les v1; v2 2 V areconnectedwith anedgeiff d(v1; v2) � � .
Cliquesin thisgraphcorrespondto setsof signi�cant pro�les
whichareall similar to oneanother. Therearemany waysto
partitionagraphintoasetof cliques.Hereweareinterestedin
identifyinglargecliquesof pro�les whichareall verysimilar
to eachother. This leadsnaturally to a greedyalgorithmto
partitionthegraphinto cliquesandthusto groupsigni�cant
pro�les.

ThegreedyalgorithmweusegrowsaclusterCi aroundeach
statisticallysigni�cant pro�le pi . Initially, Ci = f pi g. Next,
welook for apro�le pj suchthatpj is theclosestpro�le to pi
thatisnotalreadyincludedin Ci . If d(pj ; pk ) � � for all pro�-
lespk 2 Ci weaddpj toCi andrepeatthisprocess,otherwise
we stopanddeclareCi astheclusterfor pi . After obtaining

2 Notethatsincegm doesnot fully satisfythetriangleinequality, thefactor
1
2 guaranteeof our pro�le selectionalgorithmdoesnot hold. However, we
canstill obtaina factor 1

4 guaranteeusingtheabove algorithmaswe show
on thesupportingwebsite[6].

clustersfor all signi�cant pro�les, we selecttheclusterwith
thelargestnumberof genes(bycountingthenumberof genes
in eachof thepro�les thatareincludedin thiscluster),remove
all pro�les in that clusterandrepeattheabove process.The
algorithmterminateswhenall pro�les have beenassignedto
clusters.Therunningtimeof thisalgorithmis O(m04), where
m0 is the numberof signi�cant pro�les, which is generally
small.

3 RESULTS
We presentresultsfor simulatedand biological data. Our
simulationresultsillustrateempirically thatour methodper-
formsconsistentwith theoreticalexpectations.We thenpre-
sent results for using our algorithm to study the immune
responsesystemin humans.For thisdatawehavealsocompa-
redourresultswith clusteringalgorithmsthathavebeenused
in thepastto clustershorttimeseriesexpressiondata.
SimulatedResults
We generateda data set simulating 5,000 geneswith �v e
timepoints.Theraw expressionvalueateachtimepointwas
randomlydrawn from a Uniform[10,100]distribution (other
distributionsyieldedsimilar results).Eachvaluewasdrawn
independentlyof all other values,and the distribution was
identical for all time points. Next we transformedthis data
to a log ratio representation.We appliedour algorithmusing
50modelpro�les with amaximumunit changebetweentime
points of two. As expected,our algorithm determinedthat
noneof thepro�les hadasigni�cant number of genes.Figure3
(top)plotsthenumberof genesassignedtoeachpro�le against
thenumberof genesexpected.Theregionabovethediagonal
linecorrespondsto geneassignmentslevelsthatwouldbesta-
tisticallysigni�cant atan� = 0:05Bonferronicorrectedlevel
orequivalentlyatan� = 0:001uncorrectedlevel.Notethatif
weassumethatthenumberof expectedgenesfor eachpro�le
is thesame(5000=50= 100in ourcase)thenanythingabove
the horizontalline would be consideredstatisticallysigni�-
cant.Thedistribution of pro�les on thegraphillustratesthat
different temporalexpressionpro�les are more likely than
othersto occurby randomchance,somethingwhichstandard
clusteringalgorithmsdonot take into account.

In our secondexperimentwe selectedthree pro�les as
appearsin Figure3 (bottom)andassigned50 genes(1%) to
eachof thesepro�les (the other4850genesweregenerated
asdescribedabove).Log ratio valuesfor genesassignedto a
pro�le weresetto anoisyversionof thevaluesof thatpro�le
byaddingrandomnoisetoeverytimepointof thesegenes(see
website[6] for details).Figure3 (middle) shows the results
obtainedfor thisdata.Theonly threepro�les whichlie above
thediagonalline arethosefor which thegeneswereplanted.
Thus,all threeselectedpro�les werecorrectlyrecoveredby
ouralgorithm,andnootherpro�le wasdeterminedtobesigni-
�cant. Note that thesigni�cant pro�les hadroughlyhalf the
numberof genesassignedthana numberof non-signi�cant
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Fig. 3. Simulateddataresults.(top) Expectedvs. assignednumber
of genesfor our �rst experiment.Pointsabove the diagonalline
correspondtopro�les determinedbyouralgorithmtobesigni�cantly
enriched.The horizontalline correspondsto thesamesigni�cance
level if weassumethatthenumberof expectedgenesfor all pro�les
is thesame.As canbeseenour algorithmcorrectlydeterminedthat
nopro�le is signi�cantly enrichedfor genes,eventhougha number
of pro�les areabove the horizontalline. (middle) Similar plot for
our secondexperiment.Our algorithmcorrectlyidenti�ed all three
plantedpro�les, eventhougheachwasplantedwith only 1% of the
genes.(bottom)Thethreesigni�cant pro�les foundoutof thesetof
�fty considered.The�fty pro�les consideredarethesameasappear
in Figure4.

pro�les. Suchsmaller, but morestatisticallysigni�cant clu-
sterof genescouldbeoverlookedby a traditionalclustering
algorithm.
Biological Results
Wetestedouralgorithmonimmuneresponsedatafrom Guil-
lemin et al [9]. In thepapertheauthorsusedhumancDNA
microarraysto studythegeneexpressionprogramof gastric
AGScellsinfectedwith variousstrainsof Helicobacterpylori.
Helicobacterpylori isoneof themostabundanthumanpatho-
genicbacteria.In this paperwe will analyzedatafrom the
responseof the wildtype G27 strain. We usedataobtained
from two replicateson thesamebiologicalsamplein which
time seriesdatawas collectedat �v e time points, 0 hours,
0.5h,3h,6h,and12h.

Fig. 4. Biologicaldataresults.(top)A screenshotof themainwin-
dow to thesoftware.50 distinct temporalpro�les with a maximum
unitchangeof twobetweentimepointsisshown.Theshadedpro�les
arestatisticallysigni�cant. Pro�les of the sameshadearegrouped
together. The algorithmwasable to narrow the 50 initial pro�les,
to only 10 which werestatisticallysigni�cant. (bottom)A plot of
the numberof genesassignedto eachpro�les versusthe expected
numberof genes.Thetenabovethediagonallinearethosewhichare
consideredstatisticallysigni�cant. Oneof thesepro�les, pro�le 14,
lieswell below thehorizontalline andwould notbeconsideredsta-
tistically signi�cant if thenumberof genesassignedto eachpro�le
wasassumedto bethesame.

We �rst selected2243genesfor further analysisfrom the
24,192arrayprobes.Geneswereselectedbasedontheagree-
mentbetweenthetwo repeatsandtheir changeat any of the
experimenttimepoints(seewebsite[6] for details).We used
asetof 50modelpro�les (usingmorepro�les yieldedsimilar
results,however, we believe that50 is a manageablenumber
andso we focuson this sethere).For the resultsdiscussed
below we generatedthemodelpro�les usinga valueof 2 for
themaximumunit changeparameter(c). Additional experi-
mentswith c = 1 andc = 3 returnedverysimilar results(see
website[6] for details).Of the50modelpro�les, 10pro�les in
sevenclusterswereidenti�ed assigni�cant. Figure4 presents
an imageandplot of the clustersandpro�les. Shadedpro-
�les aresigni�cant andpro�les with the samecolor belong
to the samecluster. We useda correlationof 0.7 (� = 0:3)
in our groupingmethod,wherethe valueof 0:7 wasobtai-
nedby usingthe similarity of the repeatdata.Of the seven
clusterof pro�les onecontainedthreepro�les, onecontai-
ned two pro�les, and �v e weresinglepro�les. Four of the
10 signi�cant modelpro�les weresigni�cantly enrichedfor
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geneontology(GO) categories(asdeterminedby thehyper-
geometricdistribution),two of thesepro�les wereassignedto
theclustercontainingthreepro�les while theothersremained
separate.Wenotethatthearraycontainedmany un-annotated
genes,which couldexplain why not all pro�les weresigni�-
cantlyenrichedfor GO categories.Below we describesome
of thesigni�cant pro�les, anddiscusstheir relevanceto GO
categoriesfor which thepro�les wereenriched.

Pro�le 9 (0; � 1; � 2; � 3; � 4) (seeFigure5) contained131
genesthatweredown regulatedduringtheentireexperiment
duration.Thispro�le wassigni�cantly enrichedfor cell cycle
genes(p-value< 10� 10). Many of thecycling genesin this
pro�le areknown transcriptionfactors,which could contri-
bute to repressionof cell cycle genes,and, ultimately, the
cell cycle [9, 13, 19]. Pro�le 14 (0; � 1; 0; 2; 2), contained
49 genes.This pro�le is interestingsincetheraw numberof
genesassignedto thepro�le is not largeandthusit couldbe
missedbyaclusteringalgorithmwhichignoresthesequential
natureof the time seriesdata.Genesassignedto this pro�le
wentslightly down at thebeginningbut laterwereexpressed
athighlevels.GOanalysisindicatesthatmany of thesegenes
wererelevantto cell structureandannotatedasbelongingto
thecategoriescytoskeleton(p-value= 9� 10� 5), extracellular
matrix (9 � 10� 4), and membrane(2 � 10� 6). Structu-
ral elongationof cells is a known phenotypicalresponseto
pathogens,and thus the enrichmentof such genesin up-
regulatedexpressionpro�le is consistentwith this biological
response[9, 11]. Pro�le 41 contained86 genesthat were
goingupduringtheentireexperiment(0; 1; 2; 3; 4). Themost
enrichedGO category for this pro�le was responseto sti-
mulus (p-value= 2 � 10� 5) which containsdefenseand
immuneresponsegenes.Sincetheexperimentinvolvedpatho-
geninfection, sucha reactionfrom immuneresponsegenes
is to beexpected,andmany of theun-annotatedgenesin this
pro�le might bealsorelatedto immuneresponse.

Wenotethatwhile thebiologicalanalysisin [9] waslargely
anecdotal(focusingona few key genes)many of thesegenes
correspondto the above GO categoriesor to GO categories
associatedwith theothersigni�cant pro�les. Thusour work
contributesa rigorousstatisticaljusti�cation for many of the
observationsmadein thepaper.

We comparedour methodwith both, a generalclustering
algorithm(k-means)andanalgorithm,designedspeci�cally
for time seriesdata (CAGED) [17]. We did not compare
directly with hierarchicalclusteringsincehierarchicalclu-
stering does not give a �x ed number of clusters(cutting
hierarchicalclusteringat a particularlevel in the treeresul-
ted in few largeclustersandmany singletons).For k-means
we usedtheMatlab6.5 implementationof k-meanswith the
correlationcoef�cient asthedistancefunction(similarresults
wereobtainedwhenusingEuclideandistance).Sincek-means
doesnotassignsigni�canceto theclustersit detectswe used
twoversionof k-meansfor thiscomparison.In the�rst version
weclusteredtheentiresetof 2,243geneswith 10clusters.In

Fig. 5. A clusterfrom CAGED (top left) containingall Pro�le 14
(upperright) genesanda substantialmajority of Pro�le 41 (bottom
left) genes,amongmany othergenes.As canbeseen,thefactthatso
many genesaregroupedtogethermasksthepresenceof signi�cant
pro�les identi�ed by ouralgorithmresultingin low correlationwith
therelevantGO categories.Pro�le 9 is on thebottomright.

thesecondmethodwe generated50 clustersandselectedthe
10clusterswith themostgenesfor furtheranalysis.We used
the third level of the GO hierarchyto compareour results
with k-means.For eachclusteringresult we computedthe
GO enrichmentfor theselectedclusters,andcomparedthem
to theenrichmentdetectedusingthepro�les algorithm.Six-
teenthird level GO categorieshada p-valueof at least0:001
in oneof thethreeclusteringresults.As Figure6 shows, for
mostof thesigni�cant GOcategoriesouralgorithmidenti�ed
a morecoherentsetof genes(resultingin a lower p-value)
comparedwith eitherversionof k-means.Someof themost
biologically relevant categoriessuchascellular physiologi-
cal process,death,membrane,andresponseto stimulushad
p-valuesthatwereordersof magnitudelower usingthepro-
�les methodswhencomparedwith thek-meansresults.This
is probablybecauseof the inability of k-meansto determine
which of the clusterscorrespondto signi�cant pro�les and
whichareonly theresultof randomnoise.

For CAGED we usedthe recommendeddefault settings
including a Markov orderof 1 except for consistency used
correlationas our distancefunction (the resultswere simi-
lar for a Markov order of 2, andwith Euclideandistance).
CAGED returned�v e clusters.Four of the�v e clusterswere
not enrichedfor any GO category andthe�fth wasenriched
with categoriesthatarefoundin theentiresetof 2243genes.
Oneof themainproblemsof CAGEDwasthatit groupedtoo
many genesin onecluster. As canbe seenin Figure5, one
of the CAGED clusterscontainedgenesfrom both pro�les
14 and41, in additionto many othergenes.The largesetof
genesmasked the signi�cant subsetsthat werecontainedin
this pro�le, resultingin no signi�cant GO category for this
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Fig. 6. Comparisonof enrichedthird level GO categoriesbetween
ouralgorithmandk-means.All categoriesthatwereenrichedonone
of thetwo algorithmswereselected.Y axis- minuslog p-valuefor
GO enrichmentusingthepro�les algorithm.X axis - minuslog p-
valuefor k-means.(top)k-meanswith 10clusters(k = 10) (bottom)
k-meanswith 50clustersfocusingonthe10mostpopulatedclusters.
Pointsabove thecenterdiagonalline representcategoriesthatwere
moreenrichedusingthepro�le algorithmandbelow the line cate-
goriesmoreenrichedusingk-means.Pointsabove (below) thelight
dashedlinesrepresentdifferencesgreaterthanoneorderof magni-
tudebetweenthetwo methods.Ascanbeseen,mostcategorieswere
muchmoreenrichedusingthepro�les algorithm.In particular, cate-
goriesdirectly relatedto theexperimentalconditionsuchascellular
physiologicalprocess(cell cycle),death,membrane,andresponseto
stimulusweregenerallymuchbetterdetectedusingouralgorithm.

cluster. While CAGED is a very useful algorithm for long
time seriesdatasets,for shortonesit seemslike it doesnot
haveenoughdatato furtherseparatetheclusters.In contrast,
our algorithmlooks at all possiblepro�les (or a representa-
tivesubsetof them)allowingit todetectsigni�cantexpression
pro�les even if only a small numberof genesareassociated
with them.

4 CONCLUSIONS AND FUTURE WORK
Shorttime seriesexpressiondatasetspresentuniquechallen-
gesdueto the largenumberof genessampledandthesmall
numberof valuesfor eachgene.In this paperwe presented
analgorithmwhichusesasetof modelpro�les to clusterthe
resultsof theseexperiments.Themodelpro�les areselected
independentlyfrom thedataallowing our algorithmto deter-
minethesigni�canceof thedifferentclusters.This is amajor
advantageoverotherclusteringalgorithmthathavebeenused

for thistaskin thepastsince,duetonoiseandthesmallnumber
of points,many patternscanbeexpectedto ariseat random.

Usingsimulateddatawehaveshownthatouralgorithmcan
correctly identify small setsof genesplantedin large ran-
domnoiseandcanalsodistinguishbetweentrueandrandom
patterns.Using immuneresponsedatawe have shown that
thepatternsreturnedby ouralgorithmarein goodagreement
with thefunctionalannotationsof theassociatedsetsof genes.
Comparisonto k-meansandCAGED indicatedthatby focu-
singonthesetof signi�cantpro�les ouralgorithmoutperform
thesealgorithmresultingin amuchmorecoherentsetof genes.

Therearea numberof possiblefuture directions.First, if
eitherc (the unit change)or n (numberof time points)are
largetheneventhepotentialsetof modelpro�les canbetoo
largeto work with. In sucha casewe would like to develop
a samplingstrategy to helpus �rst selecta smallersetfrom
which we would laterchoosethemodelpro�les. It will also
beinterestingtoextendthisworkby incorporatingothertypes
of datawith theresultsof thismethod.For example,it would
beusefulto orderthetemporalpro�les and�gure out if later
expressedpro�les canbeexplainedby bindingmotifsbelon-
ging to a transcriptionfactorwhich is includedin an early
pro�le.
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APPENDIX
Theorem2.1 Letd bea distancemetric.Let R0 � P bethe
setof pro�les thatmaximizesEquation(1). LetR � P bethe
setof pro�les returnedbyour algorithm,thenb(R) � b(R 0)

2 .

PROOF. Set b0 = b(R0) (b0 is the optimal distance)
and b = b(R) (b is the distancereturnedby our algo-
rithm). Let f r 0

1; r 0
2; :::; r 0

m � 1; r 0
m g be the pro�les in R0 and

f r1; r2; :::; rm � 1; rm g be the pro�les in R. Note that for
any pro�le p 2 P thereexists a pro�le r j 2 R suchthat
d(p; r j ) � b. If p is oneof thepro�les in R thenlet r j = p,
which givesd(p; r j ) = d(r j ; r j ) = 0 � b. If p =2 R then
theremustbea pro�le in R with a distanceat mostb from p
otherwisethe greedyalgorithmwould have selectedp from
R insteadof rm (we know that theminimumdistanceb was
achievedby thelastpro�le r m ). For eachpro�le in R0wecan
�nd its closestpro�le in R. Next, we considertwo possible
cases,whicharealsotheonly possiblecases:
Case1 - Two differentpro�les, r 0

i ; r 0
j 2 R0, are closestto the

samepro�le rh 2 R:
We note that d(r 0

i ; rh ) � b and d(r 0
j ; rh ) � b as men-

tioned above. Using the triangle inequality we get 2b �
d(r 0

i ; rh ) + d(r 0
j ; rh ) � d(r 0

i ; r 0
t ) � b0 and thus our solu-

tion is at leasthalf of anoptimalsolution.
Case2 - No two vectors in R0 are closestto thesamevector
in R:
WLOG let r 0

m be thevectorwhich is closestto r m (the last
pro�le addedby our algorithm).We next observe that there
mustexistsi 6= m suchthatd(r 0

m ; r i ) � b. Thisis sobecause
if sucha pro�le r i did not exist then the greedyalgorithm
would have selectedr 0

m insteadof rm . Let r 0
i be thepro�le

from R0 closestto r i , then d(r 0
i ; r i ) � b sinceall pro�les

arewithin bof apro�le selectedby thegreedyalgorithm.We
thushave2b � d(r 0

m ; r i ) + d(r 0
i ; r i ) � d(r 0

i ; r 0
m ) � b0which

againshows that our solution is at leasthalf of an optimal
solution.
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