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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 . Signicant proles 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 relevantfunctional 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
processesExamplesinclude responsdo temperaturechan-
gesand other stressconditions[7], immuneresponsg9],
developmentastudieq1], andvarioussystemsn thecell[20].
Whiletherehavebeertime seriesxperimentavith asmary
as 80 time points[1], almostall time seriesare muchshor
ter. To investigatethe frequeny of time seriesdataandthe
distribution of their lengthwe have examinedthe Stanford
Microarray Databas€SMD) [8]. While SMD containsonly

experimentscarriedout in Stanford(a small part of the total
publishedmicroarraydatasets)ve believe thatit is represen-
tative of the distribution of microarraydatasetsAs of June
2004,SMD containedmicroarraydatarelatedto approxima-
tely 170publishedbapersApproximately30 percenpf these
paperscontainedoriginal microarraytime seriesdatawith
threeor moretime points'. Many of thesepapersontainmul-
tiple time seriesdatasetsin total, SMD containeddatafrom
270distincttime seriesexperimentswith threeor moretime
points.In Figurel we presenthe distribution of the number
of time pointsin time seriesdatain SMD. As the gure indi-
cates,while someof the time seriesarelong mostare very
short.In fact, over 80% of all time seriesdatasetzontain8
pointsor fewer.

Distribution of Length of Time Series Data Sets
Available in the Stanford Microarray Database
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Fig. 1. Distribution of lengths of times seriesin the Stanford
MicroarrayDatabas@&sof June2004

Therearea numberof reasonavhy shorttime seriesdata-
setsaresocommon.Time seriesexperimentsequiremultiple
arrays(andin mary case®achpointis repeatedtleastonce)
makingthemvery expensve. While microarraytechnology
have greatlyimprovedoverthelast v e years,its costis still
high at around$300-100Qoer microarraywhichis alimiting
factorfor mary researcherg&venif pricesgodown shorttime

1 Someof the papersin SMD do not presentoriginal data and so the
percentagef time seriesamongnew expressiordatasets probablylarger
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seriesexperimentsvould remainprevalentsincein mary stu-
diesit is prohibitive to obtainlarge quantitiesof biological
material. As an exampleconsidera clinical studyin which
blood needsto be drawvn from patientsat variouspointsin
time.

Dueto the large numberof genesthat are beingpro led,
mostpaperspresentingshorttime seriesdatasetsiseone of
severalclusteringmethoddo analyzetheir data.Hierarchical
clustering[5] alongwith otherstandardclusteringmethods
(suchas k-meansand self-oganizingmaps[21]) are often
usedfor this task. While theseclusteringalgorithmsyiel-
dedmary biologicalinsights,they arenot designedor time
seriedata.Speci cally, all thesemethodsassumehatdataat
eachtiime pointis collectedndependentlypf eachother igno-
ring the sequentiahatureof time seriesdata.More recently
a numberof clusteringalgorithmsspeci cally designedor
time seriesexpressiordataweresuggestedr hesealgorithms
include clusteringbasedon the dynamicsof the expression
patterng17], clusteringusingthe continuousrepresentation
of the prole [2], and clusteringusing a Hidden Markov
Model [18]. While thesealgorithmswork well for relatively
longtime serieslatase{10 pointsor more)they arenotappro-
priatefor shortettime seriesAs wediscussn thenext section
(seealsoResults)thesealgorithmswill over t thedatawhen
the numberof time pointsis small. In addition, whenana-
lyzing shorttime seriesdatasetsvith thousandgor tensof
thousandspf genesmary patternsanbeexpectedo appear
at random.Due to noiseandthe small numberof pointsfor
eachgene,someof thesepatternswill be sharedby mary
genesMostclusteringalgorithmscannotdistinguishbetween
patternghatoccurbecausef randomchanceandclustershat
represenareal responseo the biologicalexperiment.

In this paperwe presentanalgorithmdesignedpeci cally
for shorttime seriesdatasetsOur algorithmstartsby selec-
ting asetof potentialexpressiorpro les. Thesesetof pro les
covertheentirespaceof possibleexpressiorpro les thatcan
begeneratedy thegenesn theexperimentandeachrepres-
entsa uniquetemporalexpressionpattern.Becausewe are
dealingwith atime seriesexperimentandbecausé doesnot
containmary points,a relatively small setof pro les canbe
de ned for suchdata.Next, eachgeneis assignedo one of
thepro les, andtheenrichmenbf genesn eachof thepro -
lesis computedo determinepro le signi cance.Signi cant
pro les caneitherbe analyzedndependentlyor they canbe
groupedinto larger clusters(basedon noiseestimategrom
thedata).Theresultingpro les or clustersof pro les arethen
analyzedusing GO annotationgo determinetheir biological
function.

1.1 Relatedwork

As mentionedabove, therearemary generaklusteringalgo-
rithmsthathavebeerappliedto genesxpressiordata(sed16]
for a review). However, thesealgorithmsdo not take into

accountthe sequentiahatureof time seriesexpressiondata
andthusarelessappropriatdor suchdata.

This obsenationhasled anumberof researchert investi-
gatemethodsof analysisspeci cally designedor time series
data.ForinstanceRamonietal [17] suggestslusteringgenes
basedntheirdynamicsThismethodreliesonregressiorand
groupstogethegenesvhosedynamicsanbeexpressedvith
roughlythesameauto-re@ressveequationWhile thismethod
workswell for longtime seriesijt is notappropriatdor short
ones.Evenwhenusingonly two regressionparametergthe
minimumrequiredo distinguishbetweerupanddowntrend)
a v etime pointsexpressiorexperimentcanonly usethelast
threetime points(the rst two cannoteregressed)Thismay
leadto over tting, and also resultsin poor clustersepara-
tion aswe shaw in the Resultssection.Bar-Josephet al [2]
presented clusteringalgorithmthat usessplinesto cluster
the continuousrepresentatioof time seriesexpressiorndata.
Again, this algorithmis not appropriatdor shorttime series.
Evenwhenonly two splineseggmentsareused this algorithm
requiregheestimatiorof v eparameterfor eachgeneg(anda
few otherclassrelatedparameters)Thiswill clearlyover t if
thedatasetontainonly a smallnumberof points.Schliepet
al [18] suggestslusteringgenedasednamixtureof Hidden
Markov Models(HMM). In anEM stylealgorithmgenesare
associateavith theHMM mostlikely to have generatedheir
time coursesthenthe parametersf the HMMs are estima-
tedbasedon the genesassociatedvith them.This algorithm
requiresthat the numberof time pointsbe muchlargerthan
the numberof stategor nodesin eachMarkov chain).Thus,
while this algorithmworkswell for long time seriesdatasets
it is notappropriatgor shortones.

Pre-de nedpro les have beenusedin thepastto t expres-
sionpro les. For example,Zhaoetal [23] andLu etal [12]
have usedsinusoidgo identify cycling yeastgenesHowever,
unlike our methodthesepro les requirethe a-priori know-
ledgeof theshapeof thecurvethey wishto t. In mostcases,
suchknowledgeis not available.Moller-Levetetal [14] pre-
senta methodin which a comprehensie set of pro les is
de ned. Usingthesepro les genesareclustereddy assigning
themto matchingpro les. Unlike our method, their algo-
rithm doesnot selecta subsebf the potentialpro les andso
thenumberof pro les grows exponentiallyin the numberof
time points.Thus,theiralgorithmis only appropriatdor very
shorttime series.In addition, their methodcannotdifferen-
tiatebetweerpatternsarisingfrom randomnoiseandpatterns
representindpiologicalresponseThus,mary of theresulting
pro les donotrepresentruebiologicalresponsePeddadat
al [15] suggestamethodto specifyexpressiorpro les based
oninequalityconstraintsGenesreassignedo thepro le for
which they bestmatchas determinedoy a statisticalproce-
dure.Unlike our method their algorithmrequiresthe userto
specifythe setof pro les in which sheis interestedin addi-
tion, theirmethodrequiresseveralrepeatsSuchlargenumber
of repeatareusuallynotobtainedn time seriesexperiments.
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Themethodpresentedby Hooenetal [3] ts linearsplines
whenfew time pointsandseveralrepeatsare available. The
focusof theirpaperis differentthanours,asthey areinterested
in leveragingthe statisticalpower of having severalrepeatso
betterestimatethepro le of aspeci ¢c geneandto determine
if the geneis differentially expressedin contrastwe focus
onclusteringandour methodcanwork evenif norepeatsare
availablebyleveraginghestatisticabowerobtainedrom the
large numberof genesbeingpro led simultaneously

2 IDENTIFYING SIGNIFICANT EXPRESSION
PATTERNS

Our algorithm startsby selectinga setof potentialpro les.
Next, genesare assignedo the pro le thatbestrepresents
themamongthe pre-selectegro les. We rst discusshow to
chosearepresentatie setof pro les. Next, wediscus$ov we
assigrgenego pro les andhow wedetermineghesigni cance
of eachof the pro les, andthen nally how to groupthem.

2.1 Selectingmodelpro les

As discussedh theintroductionwe areinterestedn selecting
a setof model expressionpro les all of which are distinct
from oneanotherbut representatie of ary expressiorpro le
wewould likely see Herewe assumeéhattheraw expression
valuesarecorvertedinto log ratioswheretheratiosarew.r.t.
the expressionof the rst time point. The rst valueof the
seriesafter transformationwill thusalwaysbe 0. To de ne
a setof model pro les the userde nes a parameterc that
controlsthe amountof changea genecan exhibit between
successie time points. For example,if ¢ = 2 thenbetween
successietime pointsagenecangoupeitheroneor two units,
staythesamepr godown oneor two units.Notethatbecause
our methodrelieson correlation(seebelow) ‘'one unit' may
be de ned differently for differentgenesFor n time points,
this stratgyy resultsin (2c + 1)" 1 distinct pro les. Note
thatthis methodtakesadvantageof both,thefactthatwe are
dealingwith atime serieg(resultingin alimited setof values
atthe beginning comparedo the end)andthe factthatthey
areshort(andson is small). For example,5 time pointsand
¢ = 1wouldresultin 3* = 81 modelpro les. Sincewe are
dealingwith thousandsf genesmary genewill beassigned
to eachofthe81pro les allowing ustoidentify thesigni cant
pro les in this experiment.

While the abore methodgeneratess manageableumber
of pro les for shorttime serieswhenc = 1, the numberof
pro les grows asa high orderpolynomialin c. For example,
for 6 time pointsandc = 2 this methodresultsin 5° = 3125
modelpro les which aretoo muchfor ary userto view, and
arealsolik ely to bevery sparselypopulatedin suchcasesve
areinterestedn selectinga (manageable3ubsetf the pro-

les. Assumewe areinterestedn m representatie pro les.
Thereare a numberof waysto selectsucha subset.Since

the major purposeof the expressionexperimentis to iden-
tify distinct patternsof geneexpression(which arelikely to
correspondo differentfunctionalcateyories),we would like
to retaina distinctsetof pro les. Computationallyspeaking,
let P representhe (2c+ 1)" 1 setof possiblepro les. We
wouldliketo selectasetR P with m pro les (jRj = m)
suchthatthe minimum distancebetweenary two pro les in
R is maximized.Sucha setwill guaranteghatthe pro les
retainedfrom P areasdistinctas possiblefrom eachother
This requirementanbe formalizedby selectinga subsetR
which maximizesthefollowing function:

Maxg  p;jrj=mMiN p,:p,2 R d(P1; P2) (1)

whered is adistancemetric.

ForasetR leth(R) = min ,,.5,2rd(p1; p2). Thatis, b(R)
is the minimal distancebetweenpro les in R, which is the
quantitywe wish to maximize.Let R? be the setof pro les
thatmaximizesEquationl. Thus,b(RY) is the optimalvalue
we canachieve. Unfortunatelyaswe prove onthesupporting
websitg[6], nding suchasetR thatmaximizeghisfunction
is NP-Hard. Moreover, an approximationthat guaranteesa
solutionthat is betterthan b(R9=2 is also NP-Hard. Both
proofsrely on a reductionfrom the maximalindependence
setproblem.

Thus,unlessP = N P, the bestpolynomialalgorithmfor
this problemcan only guaranteea setR which achievesa
valueof b(R%Y=2. We now presenta greedyalgorithmthatis
guaranteetb nd suchaset.Thatis, ouralgorithm nds aset
ofprolesR,withb(R)  b(R9=2. Ouralgorithm(presented
in Figure2) startawith oneof thetwo typesof extremepro les
(goingdown at eachtime point). Let R bethe setof pro les
selectedofar. Thenext pro le addedoR isthepro le pthat
maximizesthefollowing equation:

MaXp (p Ry MIN p,2 R A(P; P1) (2

thatis, in eachiterationwe selecthepro le thatis thefurthest
fromall pro les selectedsofar(R). Thisselectioris repeated
until m pro les have beenselectedand the resultingsetis
returned.The top imageof Figure 4 illustratesthe pro les
selectedvhenm = 50andc = 2.

Thefollowing theoremprovesour claim aboutthe optima-
lity of this algorithm:

THEOREM 2.1. Letd bea distancemetric.LetR® P be
the setof pro les that maximizeEquation(1). LetR P
betpesetof pro les returnedby our algorithm,thenb(R)

Thistheorenis provedby consideringwo casesegarding
the relationshipbetweerthe setof pro les identi ed by the
ouralgorithm(R) andtheoptimalset(RY. For bothcasesve
canshaw thatthereexistsapro le p 2 R thatis atadistance
atmostb(R) from two differentpro les from R% Thus,we
canusethe triangleinequalityto shav thatb(R9 is at most
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procedure Select\ectorsMaxMinDist(d,P ,m)
let p1 bethepro le thatalwaysgoesdown oneunit between

time points
R = fp]_ g, (9 These!ofselected/ectors?)
L = Pnfpig;

fori = 2tom do
letp 2 L bethepro le thatmaximizes:
minp, 2 r d(p; p1);
R=R[ fpg;L = Lnfpg;
endfor;
return R;

Fig. 2. Greedyapproximatioralgorithmto choosesetof m distinct
pro les

twice b(R). A formal proof of this theoremcanbe foundin
the Appendix.

Theabovealgorithmperformsm iteratiorsandead of these
takesatmostm(2c+ 1)" ! time for atotal runningtime of
O(m?(2c+ 1)™ 1. Sincem is small(m shouldbe at most
100in orderto be manageable}thetotal runningtime of this
algorithmis smallfor shorttime seriesdataset¢smalln).

It is interestingto brie y discussarelatedproblemknown
asthek-centergproblem[10] . In our notationsthek-centers
problemtriesto nd agroupR thatminimizesthefollowing
equation:

MiNR p;jrj=kMaXp,2pnR;p,2RA(P1; P2) 3)

In otherwords,we arelooking for a subseR of sizek such
thatthe maximumdistancefrom pointsnotin R to pointsin

R is minimized.Thek-centergproblemtriesto selectcenters
thatarethebestrepresentatiesfor thegroupwhile ourgoalis

to nd themostdistinctpro les. While in generalanoptimal

solutionto oneof thesgproblemsds notnecessarilanoptimal

solutionto theother, thealgorithmwe presenteéboreis also
known to bethebestpossibleapproximatioralgorithmfor k-

centergtheproofis obviouslydifferent).Thus,thisalgorithm
providesthe bestof bothworlds: a distinctsubsethatis also
agoodrepresentatioof theinitial setof pro les P.

2.2 Identifying signi cant modelpro les

Givenasetof M of modelpro les, andasetof geness, each
geneg 2 Gisassignedoamodelexpressiorprole m; 2 M
suchthatd(eg; m;) is the minimumoverall m 2 M. Here
gy is thetemporalexpressiorpro le for geneg. If theabove
distances minimizedby h > 1 modelpro les (i.e. we have
ties) thenwe assigng to all of thesepro les, but weightthe
assignmentn the countsas 1=h. We countthe numberof
genesassignedo eachmodelpro le anddenotethis number
for pro le m; by t(m;).

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

hypothesigs thatthe datais memorylessThatis, the proba-
bility of observingavalueatary time pointis independentf
pastandfuture values.Thus,accordingto the null hypothe-
sis,ary pro le we obsenreis aresultof random uctuation in
themeasuredaluesfor genesassignedo thatpro le. Model
pro les thatrepresentruebiologicalfunctiondeviatesigni -
cantlyfrom the null hypothesisincemary moregeneshan
expectedby randomchanceareassignedo them.

Determininga parametricmodel for our null hypothesis
is complicatedby the mary noise factorsthat affect gene
expressiormeasurementsnsteadwe follow mary previous
methodsfor staticgeneexpressionanalysis[4, 22] anduse
a permutatiorbasedest.In our case permutatioris usedto
quantifythe expectednumberof geneghatwould have been
assignedo eachmodelpro le if the datawas generatecdat
random Notethatunderthe null hypothesisthe orderof the
obsered valuesis random(as eachpoint is independenof
ary otherpoint) andthuspermutationsareexpectedo result
in pro les thataresimilar to the null distribution.

Sincetherearen timepoints,eachgenehasn! possiblegper
mutationsandall of thesecanbe computedor smallvalues
of n. For eachpossiblepermutationve assigngenedo their
closesimodelpro le. Let s{ bethenumberof genesassigned
tomodelpro le i in permutaBor]' (j isoneofthen! possible
permutations)We setS; = . s{ . Then,E;j = Sj=(n!) is
the expectednumberof genes%or eachpro le modelif the
datawasindeedgeneratecccordingto the null hypothesis.
Note that differentmodel pro les may have differentnum-
ber of expectedgenesandsoin generalE; 6 jGj=m (see
Results).

Sinceeachgeneis assignedo oneof the pro les, we can
assumethat the numberof genesin eachpro le is distri-
buted as a binomial randomvariable with parametergG;j
andE; 5§ Gj. Thusthe (uncorrectedp-valueof seeingt(m;)
genesassignedo pro le p; is P(X t(m;)) whereX
Bin(jGj; Ei5jGj). If we weretestingjustonemodelexpres-
sionpro le for signi cancethenwecould considerthenumber
of genesassignedo p; to be statisticallysigni cant atthe
signi cancelevel if P(X  t(m;)) < . Howeversincewe
aretestingm modelpro les for signi cance,we needto cor
rectfor themultiple comparisonsWe thusapplyaBonferroni
correctionand considerthe numberof genesassignedo p;
to bestatisticallysigni cantif P(X  t(m;)) < =m . The
runningtime of thepermutatiortestmethodis jGjn!m which
for smallm andn is atmostquadratidn thenumberof genes.

2.3 Correlation Coef cient

While the above algorithm and approximationguarantees
works with ary distancemetric, in this paperwe focuson
theuseof the correlationcoefcient (x; y). Thecorrelation
coefcient hasenjoyed greatsuccessn computationabio-
logy, especiallywhenusedin a clusteringalgorithm[5]. An
adwantageof thecorrelationcoefcient for our methods that
it cangrouptogethergeneswith similar expressionpro les




Clustering Short Time Series Data

evenif theirunitsof changearedifferent.However, while the
correlationcoefcient is useful, it cantake negative values
anddoesnot satisfythe triangleinequalityandthusis nota
metric.

Insteadveusethevaluegm(x;y) = 1 (X;y). Thisfunc-
tionwhile alwaysgreateorequalto 0, is still notametricsince
it doesnot satisfythetriangleinequality However, gm(X; y)
doessatisfya generalizedsersionof the triangleinequality
speci cally, we prove on the supportingwebsite[6] that:

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

Wefurtherremarkthattheproofof thelemmaactuallygives
aneventighterupperboundon gm(x; z) asafunctionof the
speci c valuesof gm(x; y) andgm(y; z). Notethattheabove
lemmaprovesthat the correlationcoefcient is a transitve
measureThis might sene asa justi cation and motivation
for the succes®f the correlationcoefcient asit shows that
whenusingthe correlationcoefcient two highly dissimilar
pro les cannotbothbe very similarto athird pro le 2.

2.4 Grouping Signi cant Pro les

The assignmenbdf genesto modelpro les is deterministic.
However, duetonoisejt isimpossibleoruleoutclosepro les
(evenif nottheclosestiasbeingthetruepro le for individual
geneslf we have a measurememf the noise(for example
from repeaexperimentsjt is possibleo determineadistance
threshold below which two modelpro les are considered
similar (the differencebetweengenesassignedo thesetwo
may be attributed to noise). Suchmodel pro les represent
similarenoughexpressiorpattensandthusshoud begrouped
together

In orderto determinavhich modelpro les shouldbegrou-
pedtogethemve transformthis probleminto agraphtheoretic
problem.We de ne the graph(V; E) whereV is the setof
signi cant modelpro les, andE is thesetof edgesTwo pro-
les vi;v2 2 V areconnectedvith anedgeiff d(v1; v2)
Cliquesin this graphcorrespondo setsof signi cant pro les
which areall similarto oneanother Therearemary waysto
partitionagraphinto asetof cliques.Hereweareinterestedn
identifyinglargecliquesof pro les which areall very similar
to eachother This leadsnaturallyto a greedyalgorithmto
partitionthe graphinto cliquesandthusto groupsigni cant
pro les.

ThegreedyalgorithmweusegrowsaclusterC; aroundeach
statisticallysigni cant pro le p;. Initially, C; = fp;g. Next,
welook for apro le p; suchthatp; is theclosestpro le to p;
thatis notalreadyincludedin C;. If d(pj ; p«) forallpro -
lespy 2 Cj weaddp; to Cj andrepeathisprocessptherwise
we stopanddeclareC; asthe clusterfor p;j. After obtaining

2 Notethatsincegm doesnotfully satisfythetriangleinequality thefactor
% guarante®f our pro le selectionalgorithmdoesnot hold. However, we
canstill obtainafactor% guaranteaisingthe above algorithmaswe shav
onthe supportingwebsite[6].

clustersfor all signi cant pro les, we selectthe clusterwith

thelargesthumberof genegby countingthenumberof genes
in eachof thepro les thatareincludedin thiscluster) remove

all pro les in thatclusterandrepeatthe above processThe
algorithmterminatesvhenall pro les have beenassignedo

clustersTherunningtime of thisalgorithmis O(m®), where
mPis the numberof signi cant pro les, which is generally
small.

3 RESULTS

We presentresultsfor simulatedand biological data. Our
simulationresultsillustrateempirically that our methodper
forms consistentvith theoreticalexpectationsWe thenpre-
sentresultsfor using our algorithm to study the immune
responseystemrmin humansForthisdatawe have alsocompa-
redourresultswith clusteringalgorithmsthathave beenused
in the pastto clustershorttime seriesexpressiordata.
Simulated Results

We generateca data set simulating 5,000 geneswith v e
time points. Theraw expressiorvalueat eachtime pointwas
randomlydrawvn from a Uniform[10,100]distribution (other
distributionsyielded similar results).Eachvaluewasdravn
independentlyof all other values, and the distribution was
identicalfor all time points. Next we transformedhis data
to alog ratio representationVe appliedour algorithmusing
50modelpro les with amaximumunit changebetweertime
points of two. As expected,our algorithm determinecdthat
noneof thepro les hadasigr cant numbe of genes.Figure3
(top) plotsthenumbetrof geresassigredtoeat pro le against
thenumberof genesxpected Theregionabovethediagonal
line correspondto geneassignmentkevelsthatwould besta-
tistically signi cantatan = 0:05Bonferronicorrectedevel
orequialentlyatan = 0:001uncorrectedevel. Notethatif
we assumehatthenumberof expectedgenedor eachpro le
isthesamg5000=50= 100in our casehenarythingabove
the horizontalline would be consideredstatisticallysigni -
cant. Thedistribution of pro les on the graphillustratesthat
differenttemporalexpressionpro les are more likely than
othersto occurby randomchancesomethingvhich standard
clusteringalgorithmsdo not take into account.

In our secondexperimentwe selectedthree pro les as
appearsn Figure 3 (bottom)andassigned0 geneq1%) to
eachof thesepro les (the other4850genesweregenerated
asdescribedabore). Log ratio valuesfor genesassignedo a
pro le weresetto anoisyversionof thevaluesof thatpro le
by addingrandonnoiseto everytime pointof thesegenegsee
website[6] for details).Figure 3 (middle) shavs the results
obtainedor thisdata.Theonly threepro les whichlie abose
thediagonalline arethosefor which the geneswereplanted.
Thus,all threeselectedpro les werecorrectlyrecoseredby
ouralgorithm,andnootherpro le wasdeteminedto besign-

cant. Notethatthesigni cant pro les hadroughly half the
numberof genesassignedhana numberof non-signi cant
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Simulated Data with No Significant Profiles:
Profiles and Significance Regions
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Simulated Data with Three Significant Profiles
Planted: Profiles and Significance Regions
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Fig. 3. Simulateddataresults.(top) Expectedvs. assignechumber
of genesfor our rst experiment. Pointsabore the diagonalline

correspondo pro les determinedby ouralgorithmto besigni cantly

enriched.The horizontalline correspondso the samesigni cance
level if we assuméhatthenumberof expectedgenedor all pro les

is thesame As canbe seenour algorithmcorrectlydeterminedhat
nopro le is signi cantly enrichedfor genesgventhougha 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 foundout of the setof

fty consideredThe fty pro les consideredrethesameasappear
in Figure4.
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pro les. Suchsmaller but more statisticallysigni cant clu-
sterof genescould be overlooked by a traditionalclustering
algorithm.

Biological Results
Wetestedouralgorithmonimmuneresponselatafrom Guil-
lemin et al [9]. In the paperthe authorsusedhumancDNA
microarraysto studythe geneexpressionprogramof gastric
AGScellsinfectedwith variousstrainsof Helicobactepylori.
Helicobactempylori is oneof themostabundanthumanpatho-
genicbacteria.ln this paperwe will analyzedatafrom the
responseof the wildtype G27 strain. We usedataobtained
from two replicateson the samebiological samplein which
time seriesdatawas collectedat v e time points, 0 hours,
0.5h,3h,6h,and12h.
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Biological Data: Profiles and Significance Regions
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Fig. 4. Biological dataresults.(top) A screershotof the mainwin-

dow to the software.50 distincttemporalpro les with a maximum
unitchangeof two betweertimepointsis shavn. Theshadegro les

arestatisticallysigni cant. Pro les of the sameshadeare grouped
together The algorithmwas able to narrawv the 50 initial pro les,

to only 10 which were statisticallysigni cant. (bottom)A plot of

the numberof genesassignedo eachpro les versusthe expected
numbermf genesThetenabose thediagonaline arethosewhichare
consideredtatisticallysigni cant. Oneof thesepro les, pro le 14,
lieswell below the horizontalline andwould not be consideredta-
tistically signi cant if the numberof genesassignedo eachpro le

wasassumedo bethesame.

We rst selected2243genesfor further analysisfrom the
24,192arrayprobesGeneswvereselecteasedntheagree-
mentbetweerthe two repeatsaandtheir changeat ary of the
experimenttime points(seewebsite[6] for details).We used
asetof 50 modelpro les (usingmorepro les yieldedsimilar
results,however, we believe that50 is a manageableaumber
andso we focuson this sethere). For the resultsdiscussed
belon we generatedhe modelpro les usingavalueof 2 for
the maximumunit changeparametelc). Additional experi-
mentswith ¢ = 1 andc = 3returnedvery similarresults(see
websitd6] for details).Of the50modelpro les, 10pro les in
sevenclusterswvereidenti ed assigni cant. Figure4 presents
animageand plot of the clustersandpro les. Shadecpro-

les aresigni cant andpro les with the samecolor belong
to the samecluster We useda correlationof 0.7 ( = 0:3)
in our groupingmethod,wherethe value of 0:7 was obtai-
nedby usingthe similarity of the repeatdata. Of the seven
clusterof pro les one containedthreepro les, one contai-
nedtwo pro les, and v e weresingle pro les. Four of the
10 signi cant modelpro les weresigni cantly enrichedfor
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geneontology(GO) catgyories(asdeterminedy the hyper
geometridistribution), two of thesepro les wereassignedo
theclustercontainingthreepro les while theothersremained
separatéWe notethatthearraycontainednary un-annotated
geneswhich could explain why notall pro les weresigni -
cantly enrichedfor GO categories.Below we describesome
of the signi cant pro les, anddiscusgheir relevanceto GO
catggoriesfor which thepro les wereenriched.

Prole 9(0; 1; 2; 3; 4)(seeFigure5)containedl3l
geneghatweredown regulatedduringthe entireexperiment
duration.Thispro le wassigni cantly enrichedor cell cycle
geneg(p-value< 10 19). Many of the cycling genesin this
pro le areknown transcriptionfactors,which could contri-
bute to repressiorof cell cycle genes,and, ultimately, the
cell cycle [9, 13, 19). Prole 14 (0; 1;0;2;2), contained
49 genesThis pro le is interestingsincethe raw numberof
genesassignedo thepro le is notlargeandthusit couldbe
missedoy aclusteringalgorithmwhichignoresthesequential
natureof the time seriesdata. Genesassignedo this pro le
wentslightly down atthe beginningbut laterwereexpressed
athighlevels.GO analysisndicateghatmary of thesegenes
wererelevantto cell structureandannotatedasbelongingto
thecategoriescytoskeleton(p-value= 9 10 °), extracellular
matrix (9 10 4), and membrane(2 10 ©). Structu-
ral elongationof cellsis a known phenotypicalresponseo
pathogens,and thus the enrichmentof such genesin up-
regulatedexpressiorpro le is consistentvith this biological
responsdq9, 11]. Prole 41 contained86 genesthat were
goingupduringtheentireexperiment(0; 1; 2; 3; 4). Themost
enrichedGO category for this pro le was responseo sti-
mulus (p-value= 2 10 °) which containsdefenseand
immuneresponsgenesSincetheexperimentnvolvedpathc
geninfection, sucha reactionfrom immuneresponseyenes
is to beexpectedandmary of theun-annotatedenedn this
pro le mightbealsorelatedto immuneresponse.

We notethatwhile thebiologicalanalysign [9] waslargely
anecdota({focusingonafew key genesmary of thesegenes
correspondo the above GO cateyoriesor to GO cateyories
associatedvith the othersigni cant pro les. Thusour work
contritutesa rigorousstatisticaljusti cation for mary of the
obsenationsmadein the paper

We comparedour methodwith both, a generalclustering
algorithm(k-means)yandanalgorithm,designedspeci cally
for time seriesdata (CAGED) [17]. We did not compare
directly with hierarchicalclusteringsince hierarchicalclu-
stering does not give a x ed numberof clusters(cutting
hierarchicalclusteringat a particularlevel in the treeresul-
tedin few large clustersandmary singletons)For k-means
we usedthe Matlab 6.5 implementatiorof k-meanswith the
correlationcoefcient asthedistancdunction(similarresults
wereobtainedvhenusingEuclideardistancg. Sincek-means
doesnotassignsigni canceto the clusterst detectsve used
two versionof k-meandor this conparison.In the rst version
we clusteredheentiresetof 2,243geneswith 10 clustersin

Fig. 5. A clusterfrom CAGED (top left) containingall Pro le 14
(upperright) genesanda substantiamajority of Pro le 41 (bottom
left) genesamongmary othergenesAs canbeseenthefactthatso
mary genesaregroupediogethemasksthe presencef signi cant
pro les identi ed by ouralgorithmresultingin low correlationwith
therelevant GO categyories.Pro le 9 is onthebottomright.

thesecondmethodwe generated0 clustersandselectedhe

10 clusterswith the mostgenedor furtheranalysisWe used
the third level of the GO hierarchyto compareour results
with k-means.For eachclusteringresult we computedthe

GO enrichmenfor the selectectlustersandcomparedhem
to the enrichmentetectedusingthe pro les algorithm. Six-

teenthird level GO categyorieshada p-valueof atleast0:001
in oneof thethreeclusteringresults.As Figure6 shows, for

mostof thesigni cant GO cateyoriesouralgorithmidenti ed

a more coherentsetof genes(resultingin a lower p-value)
comparedvith eitherversionof k-means Someof the most
biologically relevant catgyoriessuchas cellular physiologi-
cal processdeath,membraneandresponséo stimulushad
p-valuesthatwereordersof magnituddower usingthe pro-

les methodsvhencomparedvith thek-meangesults.This

is probablybecaus®f theinability of k-meango determine
which of the clusterscorrespondo signi cant pro les and
whichareonly theresultof randomnoise.

For CAGED we usedthe recommendediefault settings
including a Markov orderof 1 exceptfor consisteng used
correlationas our distancefunction (the resultswere simi-
lar for a Markov order of 2, andwith Euclideandistance).
CAGED returnedv e clustersFour of the v e clusterswere
not enrichedfor any GO category andthe fth wasenriched
with categyoriesthatarefoundin theentiresetof 2243genes.
Oneof themainproblemsof CAGED wasthatit groupedoo
mary genesin onecluster As canbe seenin Figure5, one
of the CAGED clusterscontainedgenesfrom both pro les
14 and41, in additionto mary othergenesThelarge setof
genesmasled the signi cant subsetghat were containedn
this pro le, resultingin no signi cant GO category for this
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Fig. 6. Comparisorof enrichecthird level GO catgoriesbetween
ouralgorithmandk-meansAll categyoriesthatwereenrichecbnone
of thetwo algorithmswereselectedY axis- minuslog p-valuefor

GO enrichmentusingthe pro les algorithm.X axis - minuslog p-

valuefor k-means(top) k-meanswith 10clusterdk = 10) (bottom)
k-meanswith 50clusterdocusingonthel0mostpopulatectlusters.
Pointsabove the centerdiagonalline representateyoriesthatwere
more enrichedusingthe pro le algorithmandbelow the line cate-
goriesmoreenrichedusingk-meansPointsabove (below) thelight

dashedinesrepresentlifferencegreaterthanoneorderof magni-
tudebetweerthetwo methodsAs canbeseenmostcategorieswere
muchmoreenrichedusingthepro les algorithm.In particular cate-
goriesdirectly relatedto theexperimentakonditionsuchascellular
physiologicaprocesgcell cycle),deathmembraneandresponséo

stimulusweregenerallymuchbetterdetectedisingour algorithm.

cluster While CAGED is a very useful algorithm for long
time seriesdatasetsfor shortonesit seemdike it doesnot
have enoughdatato furtherseparatehe clustersin contrast,
our algorithmlooks at all possiblepro les (or a representa-
tivesubsebdf them)allowingit to detectigni cantexpression
pro les evenif only a smallnumberof genesareassociated
with them.

4 CONCLUSIONS AND FUTURE WORK

Shorttime seriesexpressiordatasetgresenuniquechallen-
gesdueto the large numberof genessampledandthe small
numberof valuesfor eachgene.In this paperwe presented
analgorithmwhich usesa setof modelpro les to clusterthe
resultsof theseexperimentsThe modelpro les areselected
independentlyrom the dataallowing our algorithmto deter
minethesigni canceof thedifferentclustersThisis amajor
adwantageoverotherclusteringalgorithmthathave beernused

for thistaskin thepastsince dueto noiseandthesmallnumber
of points,mary patternccanbe expectedo ariseat random.

Usingsimulateddatawe have shavn thatouralgorithmcan
correctly identify small setsof genesplantedin large ran-
domnoiseandcanalsodistinguishbetweertrueandrandom
patterns.Using immuneresponsalatawe have shavn that
thepatterngeturnedoy our algorithmarein goodagreement
with thefunctionalannotationef theassociatedetsf genes.
Comparisorto k-meansand CAGED indicatedthatby focu-
singonthesetof signi cant pro les ouralgorithmoutperform
thesealgorithmresultinginamuchmorecoherentsetof geres.

Therearea numberof possiblefuture directions.First, if
either c (the unit change)or n (numberof time points) are
largetheneventhe potentialsetof modelpro les canbetoo
large to work with. In sucha casewe would like to develop
a samplingstratayy to helpus rst selecta smallersetfrom
which we would later choosethe modelpro les. It will also
beinterestingo extendthiswork by incorporatingpthertypes
of datawith theresultsof this method For example,it would
beusefulto orderthetemporalpro les and gure outif later
expressegro les canbeexplainedby binding motifs belon-
ging to a transcriptionfactorwhich is includedin an early
pro le.
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APPENDIX

Theorem2.1 Letd bea distancemetric.LetR® P bethe
setof pro les thatmaximize€quation(1). LetR P bethe

setof pro les returnedoy our algorithm,thenb(R) @.

ProoF. Set b’ = BRY (K° is the optimal distance)
and b = Bb(R) (b is the distancereturnedby our algo-
rithm). Let fr$;r9; 1% 1;r% g bethepro les in R%and
fri;ro;irm 1;rmg bethe proles in R. Note that for
ary prole p 2 P thereexistsaprole rj 2 R suchthat
d(p;rj) b.If pisoneoftheprolesinR thenletr; = p,
which givesd(p;rj) = d(rj;rj) = 0 b If p 2 R then
theremustbea pro le in R with adistanceat mostb from p
otherwisethe greedyalgorithmwould have selectedp from
R insteadof ry, (we know thatthe minimumdistanceb was
achievedby thelastpro le r, ). Foreachpro le in R°wecan
nd its closestpro le in R. Next, we considertwo possible
caseswhich arealsotheonly possiblecases:

Casel - Twodifferentpro les, r{; r? 2 R, are closesto the
sameprole r, 2 R:

We note that d(r? rp) b and d(r;rp,) b as men-
tioned above. Using the triangle inequality we get 2b
d(rrn) + drlrn)  d(r%rd) B’ andthusour solu-
tion is atleasthalf of anoptimalsolution.

Case2 - Notwo vectos in R are closestto the samevector
inR:

WLOG let r9, bethe vectorwhichis closestio ry, (thelast
pro le addedby our algorithm).We next obsere thatthere
mustexistsi 6 m suchthatd(r$,;ri) b. Thisis sobecause
if sucha prole r; did not exist thenthe greedyalgorithm
would have selected J, insteadof rm . Let r0 bethe pro le
from RO closestto r;, thend(r®r;)  bsinceall pro les
arewithin bof apro le selectedy thegreedyalgorithm.We
thushave2b  d(r®;ri)+d(r%ri) d(r%r%) BPwhich
againshows that our solutionis at leasthalf of an optimal
solution.




