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Abstract

We presenalgorithmsfor time-seriegeneexpressioranaly-
sisthatpermitthe principledestimationof unobseredtime-
points, clustering,and datasetalignment. Eachexpression
pro le is modeledasa cubic spline (piecavise polynomial)
thatis estimatedrom theobseneddataandeverytime point
in uencestheoverallsmoothexpressiorcurve. We constrain
thesplinecoefcients of genesn thesameclassto have sim-
ilar expressiorpatternswhile alsoallowing for genespeci ¢
parametersWe show thatunobseredtime-pointscanbere-
constructedisingour methodwith 10-15%lesserrorwhen
comparedto previous bestmethods. Our clusteringalgo-
rithm operateglirectly on the continuousrepresentationsf
geneexpressiorpro les, andwe demonstrat¢hatthisis par
ticularly effective when appliedto non-uniformly sampled
data. Our continuousalignmentalgorithmalsoavoids dif -
cultiesencounteredly discreteapproachedn particular our
methodallows for control of the numberof degreesof free-
dom of the warp throughthe speci cation of parameterized
functions,which helpsto avoid over tting. We demonstrate
that our algorithm producesstablelow-error alignmentson
real expressiondataandfurther shav a speci c application
to yeastknockoutdatathatproducesiologically meaningful
results.

1 Intr oduction

Principled methodsfor estimatingunobsered time-points,
clustering,and aligning microarray gene expressiontime-
seriesareneededo make suchdatausefulfor detailedanal-
ysis. Datasetsneasuringemporalbehaior of thousand®f
geneffer rich opportunitiefor computationabiologists.

For example, Dynamic BayesianNetworks may be used
to build modelsandtry to understandhow geneticresponses
unfold. However, suchmodeling framevorks needa suf-

cient quantity of datain the appropriateformat. Current
geneexpressiortime-seriegdataoftendo not meetthesere-

quirementssincethey maybe missingdatapoints,sampled
non-uniformly andmeasuréiologicalprocessethatexhibit

temporalvariation.

In mary applicationsresearchermayfacetheproblemof
reconstructinguinobsered geneexpressionvalues. Values
may not have beenobsened for two reasons.First, errors
may occurin the experimentalprocesshat leadto corrup-
tion or absencef someexpressiormeasurementsSecond,
we may want to estimateexpressionvaluesat time points
differentfrom thoseoriginally sampled.In eithercase,the
natureof microarraydatamakes straightforvard interpola-
tion dif cult. Dataare often very noisy andthereare few
replicates.Thus,simpletechniquesuchasinterpolationof
individual genescanleadto poorestimatesAdditionally, in
mary casedherearea large numberof missingtime-points
in aseriesfor ary givengene ,makinggenespeci c interpo-
lation infeasible. In the caseof clustering,the treatmentof
time-seriecanbe problematicasatime-seriegepresents
setof dependenexperiments. A particularproblemarises
whenseriesarenot sampleduniformly suchasin [14, 3, 7].

Variability in the timing of biological processegurther
complicateggeneexpressiontime-seriesanalysis. The rate
atwhich similar underlyingprocessesuchasthe cell-cycle
unfold canbe expectedto differ acrossorganisms,genetic
variants,andernvironmentalconditions.For instance Spell-
manet al [14] analyzetime-seriesdatafor the yeastcell-
cycle in which differentmethodswere usedto synchronize
thecells. It is clearthatthe cycle lengthsacrosghe different
experimentsvary considerablyandthatthe seriesbegin and
endat differentphase®f the cell-cycle. Thus,oneneedsa
methodto align suchseriesto make themcomparable.

In this paperwe use statisticalspline estimationto rep-
resenttime-seriesgene expressionpro les as continuous
curves. Our methodtakesinto accountthe actualduration
eachtime point representsjnlike mostpreviousapproaches



that treat expressiontime-serieslike static data consisting
of vectorsof discretesamples[7, 11, 8]. Our algorithm
generatesa set of continuouscurves that can be useddi-
rectly for estimatingunobsered data. However, although
our methodusesspline curves (piecavise polynomials)to
represengeneexpressiorpro les, it is notreasonabléo t
eachgenewith anindividual spline dueto the issueswith
microarraydatasetsliscussedbore. Insteadwe constrain
the spline coefcients of genesin the sameclassto covary
similarly, while alsoallowing for genespeci ¢ parameters.
A classis a setof geneswith similar expressiorpro les that
maybeconstructedisingprior biologicalknowledgeor clus-
teringmethods We present clusteringalgorithmthatinfers
classesautomaticallyby operatingdirectly on the continu-
ousrepresentationsf expressionpro les. This is particu-
larly effective whenappliedto non-uniformlysampleddata.
However, note that our methoddoesrequire datathat has
beensampledat a sufciently high rate. We demonstrate
in Section5 thatour methodperformswell on several such
datasetshput for other datasetghat have beensampledat
ratestoo low to capturechangesn the underlyingbiological
processespur methodwill not be effective. A futuredirec-
tion would be to useour methodto determinethe quality of
thesamplingrate.

Our alignmentalgorithmusesthe samesplinerepresenta-
tion of expressiorpro les to continuousiytime-warp series.
First,aparameterizefunctionis choserthatmapsthetime-
scaleof one seriesinto another Becausewe useparame-
terizedfunctions, we are explicitly specifyingthe number
of allowed degreesof freedom,which is helpful in avoiding
over tting. Our algorithmseeksto maximizethe similarity
betweerthe two setsof expressiorpro les by adjustingthe
parametersf thewarpingfunction.

The remainderof this paperis organizedasfollows. In
Section2 we discussour algorithm for estimatingunob-
sened dataand in Section3 we extend this algorithm to
perform clustering. In Section4 we presentour alignment
algorithm. Section5 presentsapplicationsof our methodto
expressiordataand Section6 concludeghe paperandsug-
gestdirectionsfor futurework.

1.1 RelatedWork

Recently several papershave focusedon modelingandan-
alyzing the temporalaspectsof geneexpressiondata. In

Holter et al [9] atime translationamatrix is usedto model
the temporalrelationshipsbetweendifferent modesof the
SingularValueDecompositiof(SVD). Unlike ourwork, this
methodfocuseonthe SVD modesandnotonspeci c genes.
In addition, only relationshipsbetweenrtime pointsthat are
sampledat the lowestcommonfrequenciesanbe studied.
Thus,not all availableexpressiordatacanbe used.In Zhao
et al [17] astatisticaimodelis t to all genesn orderto nd

thosethatarecell cycle regulated. This methodusesa cus-
tom tailoredmodel,relying on the periodicity of the speci c

datasetinalyzedandis thuslessgenerathanour approach.

Several papershave usedsimpleinterpolationtechniques
to estimatemissingvaluesfor geneexpressiondata. Aach
et al [1] uselinear interpolationto estimategeneexpres-
sionlevelsfor unobseredtime-points. D'haeseleef6] use
splineinterpolationon individual genego interpolatemiss-
ing time-points.As we shaw in Section5.2, bothtechniques
cannotapproximatehe expressiorcurve of agenewell, es-
pecially if thereare mary missingvalues. In Troyanskaya
et al [15] severaltechniquedor missingvalue estimations
wereexplored. However, noneof the suggestedechniques
take into accountthe actualtimesthe pointscorrespondo,
andthustime seriesdatais treatedn the sameway asstatic
data. As a consequenceheir techniquescannotestimate
valuesfor time-pointshetweenthosemeasuredn the origi-
nal experiments.

There is a considerablestatistical literature that deals
with the problemof analyzingnon-uniformlysampleddata.
Thesemodels known asmixed-efectmodels[2] usespline
estimationmethodsto constructa commonclasspro le for
their input data. Recently Jamesand Hastie[10] presented
areducedankmixedeffectsmodelthatwasusedfor classi-
fying medicaltime-serieslata.In this papemwe extendthese
methodsto geneexpressiondata. Unlike the above papers,
wefocusonthegenespeci c aspectsatherthanthecommon
classpro le. In addition,we presenta methodthatis ableto
dealwith casesn which classmemberships not given. An-
otherdifferencebetweerthiswork and[10] is thatwe do not
useareducedankapproachsincegeneexpressiordatasets
containinformationaboutthousand®f genes.

Many clusteringalgorithmshave beensuggestedor gene
expressionanalysis(see [12]). However, asfar aswe are
aware, all thesealgorithmstreattheir input as a vector of
datapoints, and do not take into accountthe actualtimes
at which thesepointswere sampled. In contrast,our algo-
rithm weightstime pointsdifferently accordingto the sam-
pling rate.

Aachet al [1] presentech methodfor aligning geneex-
pressiontime-serieghat is basedon Dynamic Time Warp-
ing, adiscretemethodthatusesdynamicprogrammingandis
conceptuallysimilar to sequencalignmentalgorithms.Un-
like with our method the allowed degreesof freedomof the
warpoperationin Aachet al depend®nthe numberof data
pointsin the time-series. Their algorithmalso allow map-
pings of multiple time-pointsto a single point, thus stop-
ping time in one of the datasets.In contrast,our algorithm
avoidstemporaldiscontinuitiesdy usinga continuouswarp-
ing representationThereis alsoa substantiabody of work
in the speechrecognitionand computervision community
thatdealswith dataalignment.For instance non-stationary
HiddenMarkov modelswith warpingparametersiave been
usedfor alignmentof speecltdata[5], and mutualinforma-
tion basedmethodshave beenusedfor registeringmedical
imageq16]. However, thesemethodgenerallyassumdnigh
resolutiondata,whichis notthecasewith availablegeneex-
pressiordatasets.



2 Estimating Unobsered Expression
Valuesand Time Points

In orderto obtaina continuougime formulation,we usecu-
bic splinesto represengeneexpressiorcurves. Splinescan
be describedy a setof basisfunctions,andare often used
for tting time-seriesandotherdata[4]. By knowing the
value of the splinesat a setof control pointsin the time-
series,one cangeneratehe entire setof polynomialsfrom
thesebasisfunctions. In our formulation, the spline con-
trol pointsareuniformly spacedo cover the entireduration
of the dataset. Oncethe spline polynomialsare generated
we canre-samplehe curve to estimatesxpressiorvaluesat
ary time-points.Whenestimatinghesesplinesfrom expres-
siondata,we do nottry to t eachgeneindividually. Dueto
noise and missing values,suchan approachcould lead to
over tting of thedataandmayin generaleadto estimates
thatarevery differentfrom therealexpressiorvaluesof that
gene(seeSection5.1). Instead we constrainthe spline co-
ef cients of co-expressedjenedo have the samecovariance
matrix, andthuswe useothergenesn the sameclassto es-
timatethe missingvaluesof a speci ¢ gene.

2.1 A Probabilistic Model of Time SeriesEx-
pressionData

In this sectionwe follow a methodthatis similar to the one
usedby JamesandHastie[10] for classi cation. However,
unlike their work, in this paperwe focus on genespeci c
aspectsatherthanthe commonclasspro le. Thisallowsus
to handlevariationsin expressionevels that are causedy
genespeci ¢ behaior.

A classis a setof genesthat are groupedtogetherusing
prior biological knowledgeor a clusteringalgorithm. In this
sectionwe assumehat classinformationis given. We dis-
cusshow to dealwith casesn which suchclassinformation
is notgivenin Section3.

We representeach gene expressionpro le by a spline
curve. For agenei in classj, Y;(t) is the obsenedvalue
fori attimet. Let q bethe numberof splinecontrol points
used,ands(t) thevectorof splinebasisfunctionsevaluated
attime t, with s(t) of dimensiongy by 1. Denoteby ; the
averagevalueof the splinecoefcients for genesn classj,
andby ; thegenespeci c variationcoefcients. Weassume
that ; is normallydistributedvectorwith meanzeroandthe
classsplinecontrol pointscovariancematrix ;, whichis a
g by g matrix. Denoteby ; arandomnoisetermthatis nor
mally distributedwith mean0 andvariance 2. According
to this model,Y; (t) canbewritten as:

Yi()=s(®)( j+ i)+

Thismodelincludesbothgenespeci ¢ andclassspeci ¢ pa-
rametersThisallows usto useinformationfrom othergenes
in the classbasedn the extentto which genespeci c infor-
mationis missing. We restrictthe missingvaluesof a gene

by requiringthemto varywith theobsenedvaluesaccording
to theclasscovariancematrix j. Usingtheclassaverage |

andthegenespeci c variation ;, we canresamplegenei at
ary timet®duringtheexperiment.Thisis doneby evaluating
thesplinebasisattimet®, andsetting¥(t%) = s(t9( ;+ ;).

In orderto learnthe parametersf thismodel(; ; and

) we usethe obsenedvalues,andmaximizethelikelihood
of theinput data. Denoteby Y; the vectorof obsened ex-
pressionvaluesfor genei, andby S; the splinebasisfunc-
tion evaluatedat the timesin which valuesfor genei were
obsened. If we obsenedatotal of m expressiorvaluesfor i
in our datasetthenS; is of dimensionsmxq. Thekth row in
S; containsthe splinebasisfunctionsevaluatedatty, where
ty is thetime at which the kth valuewasobsenred. Accord-
ing to our model,we have:

Yi=S(j+ i)+
where ; is a vectorof the noiseterms. Note that sincewe
are estimatingthe spline coefcients at the control points,
eachobsenred value hasan effect relatedto the actualtime
it representsThus,differentexperimentscanhave different
effectson the resultingcurwve if the expressionvalueswere
sampledhon-uniformly,

For our solution, we assumethat the expressionvalues
for eachgenewere obtainedindependentlyof othergenes.
This assumptionris not entirely true sincedifferent experi-
mentalconditionscanaffect multiple genesn the sameex-
periment. However, this simplifying assumptiorallows for
ef cient computationsandallows usto capturethe essence
of theresults.

There are two normally distributed parametersn our
model,the noiseterm andthe genespeci c parameters .
Thusthe combinedcovariancematrix for a genein classj
canbewritten as:

i = 2|+SjST

whereS is the splinebasisfunctionevaluatedat all thetime

pointsin whichexperimentaverecarriedout. Giventhisfor-

mulation,determininghemaximumlik elihoodestimategor

ourmodelparameterss anon-corvex optimizationproblem
(se€q[10]). Thus,weturntotheEM algorithm.If the values
wereobsened,we couldhave decomposetheprobabilityin

thefollowing way:

pOY: J % s )=pYi A s e %)
which translatesnto thefollowing joint probability:
Y Y 1

expl (% SCi+ DT SC+ )

1 1
WGXD[ > r i il 1)



wherec is the numberof classesindg; is thesetof genedn

classj . Notethatwe needto maximizethis joint probability

simultaneouslyor all classesincethevarianceof thenoise,
2, is assumedo bethe samefor all genes.

This representatioteadsto the following procedure We
treatthe ;'s asmissingdataandsolve the maximumlike-
lihood problemusingthe EM algorithm. In the E stepwe

nd the bestestimationfor usingthe valueswe have for

2: and . IntheM stepwe maximizeequationl with
respecto 2; and while holdingthe ;'s x ed.Seg[10]
for completedetails.

The compleity of eachiteration of the EM algorithmis
O(q(n + ¢ Q) sincewe estimateq parametersor each
geneandog? + g parameterfor eachclass.

3 Model BasedClustering Algorithm
for Temporal Data

Thealgorithmdescribedn the previoussectionallows usto
nd the expressioncurve for eachgenewhenthe classpar
titioning is known. Thoughthis informationis sometimes
available, eitherfrom previous knowledgeor from a classi-
cation algorithm[14], this is not alwaysthe case. In this
sectionwe describea new clusteringalgorithmthat simul-
taneouslysolvesthe parameteestimationand classassign-

mentproblems.

TimeFit(Y; S;c;n) f
Forall classes f
choosearandomgenei
[ initialize classcenterwith arandomgene
i =(S's) ‘ST
g
Initialize ; 2; arbitrarily
Repeauntil corvergencef
E step:
for all gened andclasse$
p(”l) P RPN i 2)

K« PRPCYIT Kk ik 2)
M step:
for all genes andclasseg, Findthe MAP estimateof i;
I/l seeAppendixfor completedetails
Maximize ; 2%; w.rt P(jji)
Il updatethe classprobality

forallclasseg,p; = | p(jji)

g
g

Figurel: Estimatingthe modelparametersvithout classin-
formation. TheposterioprobabilitiesP (j ji) canbeusedfor
clusteringasdescribedn thetext.

Insteadbf the x edclassmodelfrom Section2, weassume
amixture model. Thus,we canmodelthe expressiorvector
for genei in thefollowing way. First, we selectaclassj for
genei uniformly atrandom.Next, we sample ; usingclass

j 'scovariancematrix j, andsampleanoisevector ; using
2. Finally we constructy; by setting:

Yi=S(j+ i)+

In Figure 1 we presentTimeFit, our spline tting algo-
rithm thatperformsclassassignmentThenumberof desired
classesg, is aninputto TimeFit. Initially all classesareas-
sumedto have the sameprior probabilities thoughit is easy
to modify thisalgorithmif onehasprior knowledgeaboutthe
differentclassesTimeFit beginsby choosingfor eachclass
onegeneatrandomandusingthis geneasaninitial estimate
for theclasscenter(or averageof thesplinecoefcients). We
now treatthe classassignmentasthe missingvariablesand
iterateusingamodi ed EM algorithm.In theE stepwe esti-
matefor eachgenel andclasg theprobabilitythati belongs
to classj, P (jji), usingthe valueswe obtainedfor the rest
of the parametersn the M step. In the M step,insteadof
equationl we now maximizeour parametergor eachclass
with respecto the classprobability (P (j ji)) ascomputedn
the E step. In addition, we now treatthe ;; 's as param-
eters,and nd their MAP (maximuma posteriori)estimate,
whichis thenusedin theE step.Thecompletedetailsof this
procedureareexplainedin the Appendix.As in the previous
section,TimeFitstill increaseshelikelihoodmonotonically
andterminatesvhenthe parametersornverge.

When the algorithm corverges,for eachgenei we dis-
coverthe classj suchthatp(jji) = max; x <P(kji) and
assigni to this class. Using this "hard” clustering,when
we needto re-samplegenei's expressioncurve (eitherfor
missingvaluesestimationor for new time points)we usethe
estimatectlassj s parameterg ; ; j) andcontinueasde-
scribedin the previoussection.

For TimeFit, the compleity of eachiterationof the EM
algorithmis O(cqn + @)) sincewe now estimatec + cq
parameter$or eachgene.

4 Aligning Temporal Data

Thegoalof thealignmentalgorithmis to warpthetime-scale
of onerealizationof a biologicalprocessnto thatof another
A setof genesarechoserthatareassumedo have thesame
temporalpatternof expression(e.g., from prior biological
knowledgeor clusteringmethods). A parameterizeavarp-
ing function (e.g.,linear) s thenselectecandour algorithm
seekdo produceanoptimalalignmenty adjustingthefunc-
tion parametersiNotethatalthoughit is possibleto alignin-
dividual geneghisis problematiaunlessonehassuf ciently
high quality data(e.g.,replicatesor a large numberof time
points.)

Assumethatwe have two setsof time-serieggeneexpres-
sionpro les, oneof which we will referto asthereference
set. Denotea splinecurve for genei in the referenceime
seriesas gl (s), wheresmin S Smax . Here,smin and
Smax arethestartingandendingpointsfor thereferenceime
seriesrespectiely. Similarly, we will denotesplinesin the



setto be Warpedasgiz(t) for tmin t tmax - Dene a
mappingT (s) = t, which transformspointsin thereference
scalento thetime-scaleof thesetto bewarped.In thispaper
we will discussa lineartransformationl (s) = (s b)=a,
with a the stretch/squasiparameterand b the translation.
However, more complex transformationsould be usedin
our framework. We de ne the alignmenterror €? for each
geneas:

R
[A(T(s) gi(s)]Pds
& = )

where = maxfsyin; T (tmin)g is the startingpoint of
the alignment,and = minfsma; T (tmax ) is its end
point. The error of the alignmentfor eachgeneis propor
tional to the averagedsquareddistancebetweenthe curve
for genei in thereferencesetandin the setto bewarped.In
orderto take into accounthe degreeof overlapbetweerthe
curves,andto avoid trivial solutionssuchasmappingall the
valuesin the curve to a single point, we divide this error by
the time-lengthof the overlap . Thus,our goalis to
nd parametersa andb thatminimizee?. As discussedwe
suggesiminimizing the error for a setof genes.We de ne
theerrorfor asetof genesS of sizen as:

X
Es= weé 3)
i=1

The w;'s are weighting coefcients that sumto one; they
could be uniform (1=n) or usedfor unequalweighting. For
instancejf onewishesto align wildtype time-seriesexpres-
sion datawith knockout data, mary of the genes'expres-
sion patternsare expectedto be unchangedn the two ex-
periments However, a subsebf the genesnaybe highly af-
fected.In this casewe wantto down-weightthecontribution
of suchgenessincethey arenot expectedo alignwell. One
way of formulatingthisis to requirethatthe productw; €? be
the samefor all genegthe weightwill beinverselypropor
tionalto theerror). Fromwiei2 = K,wegetthatEs = nK
andsowe candeducethat:

kX X K .1  Es
Wi—gi) iWi_igi)K_Piqu_?

since ;w; = 1. As before,the object've,_i,s to minimize
Es, orin this caseequialentlyto maximize | 1=¢€’.
Minimization of Es must be done numerically sincea
closedform solutionis not possible.In the linear casepre-
sented,we are only searchingfor two parametersso we
minimizeE s directly usingstandardon-linearoptimization
techniquesWe usetheNelderMeadsimplex searchmethod
(availablein the Matlab package)which doesnotusegradi-
entsand canhandlediscontinuities.For the linear warping
case,the essentiakonstraintsarethat < anda > 0.
Sincethe useof a numericaloptimizationmethoddoesnot
guaranteecorvergenceto a global minimum, multiple ran-
dom re-startamay be necessaryThis leadsto an algorithm

with runningtime O(rmng?), in whichr is the numberof
randomre-startsm is the numberof iterationsfor corver
gencen is thenumberof genesn S, andq is the numberof
splinecontrolpointsused.

If alarge numberof genesareto be aligned,we suggest
thefollowing algorithmto reducethe computatiortime. Be-
gin by choosingarandomsubsebf x edsize(e.g.,50genes)
andrandominitial settingsfor the warpingparameterérom
a uniform distribution. The minimizationproceduras then
carriedout andthis processs repeatedvith a new random
choiceof warpingparameter$or a setnumberof iterations.
Uponterminationthealignmentparametershatcorrespond
to theminimumerrorarechosenTheseparameterarethen
usedasthe startingconditionsfor the Es minimizationus-
ing the full setof genes.SeeSection5.2 for experimental
resultson how thisreducegherunningtime on geneexpres-
siondatasets.

5 Results

In this sectionwe demonstratéhe applicationof our method
to expressiortime-seriegatasetsshaving resultsfor unob-
sened dataestimation,clusteringand alignment. Most of
our resultsmake useof the cell-cycle time-seriesdatafrom
Spellmanet al [14]. In that paper the authorsidentify
800genedn Saccharomycescerevisiae ascell cycle reg-
ulated. The authorsassignedhesegenesto ve groupsthat
they referto asG1, S, S=G2, G2=M , andM =G1.We also
analyzedime-serieslatafrom aFkh1/Fkh2knockoutexper
imentdoneby Zhu et al [18]. Table5 summarizeshe data
setsthatwe used.

5.1 Unobsewned Data Estimation

To testour missingvalue estimationalgorithmwe concen-
tratedon the cdc15dataset.We chosethis datase{seeTa-
ble 5) becausdt is thelargest(24 experimentsiandcontains
non-uniformly sampleddata. The resultspresentedn this
sectionwere obtainedusing splineswith 7 control points;
however, similar resultswereobtainedor differentnumbers
of controlpoints(resultsnot shovn).

We comparedour algorithmto three other interpolation
techniquesthat have beenusedin previous papers: lin-
ear interpolation[1], spline interpolationusing individual
genes[6], and k-nearestneighbors(KNN) with k = 20,
which achieved the bestresultson static dataout of all the
algorithmsdescribedn [15]. In orderto testour algorithm
on alarge scalewe chosel00 genesat randomfrom the set
of cell-cycle regulatedgenes. For eachof thesegeneswe
ran eachestimationalgorithm four differenttimes, hiding
1,2,3and 4 consecutie time points, while not altering the
othergenes Next, we computedheerrorin our estimations
whencomparedo an estimateof the varianceof thelog ra-
tios of the expressionvalues(seethe Appendixfor complete
details).



dataset method of arrest start end sampling

alphaDS alphamatingfactor Om 119m every7m

cdcl15DS temp.sensitve cdcl5mutant | 10m 290m ev. 20mfor 1 hr, ev. 10mfor 3 hr, ev. 20minfor nal hr
cdc28DS temp.sensitve cdc28mutant | Om 160m every10m

fkh1/fkh2DS alphamatingfactor Om 210m ev. 15muntil 165m,thenafter45m

Tablel: Summaryof geneexpressiortime seriesanalyzed.

Figure2 (a) shovsacomparisorof theerrorof ourestima-
tion algorithmwith thethreemethodsmentionedabove. For
our methodwe performedwo separateuns. In the rst we
usedthe classinformationprovidedin [14] andin the sec-
ondwe usedthe algorithmdescribedn Section3 to obtain
the classinformation. For onemissingvalue,our algorithm
achieves10%lesserrorthank-nearesheighbordKNN). For
two andthreemissingvaluesour algorithmachieveslower
or equalerrorrateswhencomparedvith KNN, andit does
far betterthanthe two otherinterpolationtechniques.Only
whentrying to estimatdour consecutie missingvaluesdoes
KNN performbetterthanour algorithm. However, four con-
secutve missingvaluesareunusuain practiceandin almost
all case®nedoesnotneedo estimatamorethantwo consec-
utive values.Interestingly our algorithmdoesbetterwhenit
is allowed to estimateclassmembershighanit doeswhen
theclassinformationis pre-speci ed. This canbeattributed
to thefactthatthe ve classedrom [14] aresomavhatar-
bitrary divisions of a continuouscycle. Thus, for missing
value estimationour clusteringalgorithmis able to assign
morerelevantclasslabels.

Our algorithmcanestimateexpressiorvaluesat ary time
point during the courseof the experiments.In Figure?2 (b)
we presentresultsthat were obtainedby hiding 1,2,3 and
4 consecutie experiments. Again, our algorithm achieves
morethan15%lesserrorthantheothertwo techniquesNote
that KNN cannotbe usedto estimatemissingexperiments,
andthusis notincludedin this comparison.

5.2 Clustering

In orderto explorethe effectthatnon-uniformsamplingcan
have on clusteringwe generatedwo syntheticcurvesasfol-

lows. The rst curwve, f1 is obtainedusing the equation
f1(x) = sinx. Thesecondcurve s givenby the following

equation:

f _sinx DX
200= ginx+ (x )=20) : x>

We sampledeachcurve 64 timesbetween and and
thensampledetween and5 (theremainingportionof the
curve) atdifferentratesof eitherevery ; =2; =4or =16.
Notethatsinceall curvesweresampledetween and5
the maximaldifferencebetweerthe sampledvalues(ampli-
tudeof thecurves)is atmost0.2. For eachdifferentsampling
we generatedL00 vectorsfrom eachcurve, and addedran-
dom noise (normally distributed with meanO and variance

0.2). Next we usedour TimeFitalgorithm,andcomparedhe
resultsto thoseof k-meansclustering. K-meansis a clus-
tering algorithmthat assumes mixture modelandtries to

assigngenego classeaisingthe classcenterg(see[12] for

details).K-meandreatsall pointsin the sameway, anddoes
notusetheactualtimesthey representAs canbeseenn Fig-

ure 3, the lower the samplingrate, the larger the difference
betweenthe performanceof TimeFit andk-means.For ex-

ample for thesamplingrateof , k-meangloesonly slightly

betterthanchancewhile TimeFit hasa muchhigherclassi-
cation success.

Comparison between k-means and TimeFit

—&— TimeFit

M e k-means /

@
3

=
3

=
&

Ir'd

e

pi pi2 pivd pirle
Sampling rate

Num. success. clustered

=}
=}

100

Figure3: A comparisorbetweenk-meansand TimeFit for clus-
teringthevectorsfrom f 1 andf . Thesuccessatewasdetermined
by the total numberof correctly clusteredvectorsout of the 200
vectors.As canbeseenthelowerthesamplingrate, thegreatetthe
adwantageof usingour algorithm.

Next we testedTimeFit on the cdc15DSdescribedabove
andcomparedheresultsto k-meangresultsnotshawn). For
both algorithmswe generated ve classesWhenanalyzing
the resultswe usedthe Spellmanclustersasthe gold stan-
dard,anddeterminechow mary clustersin our resultscor
respondto theseclusters. Four out of the ve clustersthat
were generatedy TimeFit correspondo Spellmans'clus-
ters,containinggenesrom at mosttwo neighboringphases
(the fth containedgenesfrom three consecutie phases).
Sincewe aredealingwith cell cycle datatheclustersde ned
in [14] canonly have arbitraryboundariesandthusjoining
two of themis reasonableOntheotherhand,in thek-means
clusteringresult, one of the clusterscontaineda signi cant
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Figure2: Comparisoramongdifferentmissingvalueinterpolationtechniques(a) Finding missingvaluesand(b) nding missingexperi-
ments(time pointsnotoriginally sampled) As canbe seenjn almostall caseour algorithmdoesbetterthanthe othersmethods.

numberof genedrom four of the Spellmanclustersandan-
otherclustercontainedyenesfrom threeclusters.Thus,the
resultsof our clusteringalgorithmarein bettercorrespon-
dencewith existing biological knowledgethan thoseof k-

means.

5.3 Alignment

We alignedthreeyeastcell-cycle geneexpressiortime-series
that clearly occuron differenttime-scalesandbegin in dif-
ferentphasesThe cdc15DSwasusedasareferencesetand
thealphaDSandcdc28DSwerealignedagainsit usingalin-
earwarpingT(s) = (s b)=aandthefull setof cell-cycle
regulatedgenesasidenti ed in [14]. For the cdc28DS we
obtaineda = 1:42andb= 2:25with Eg = 0:185Q0 These
resultsindicatethatthe cdc28DScell-cycle runsat approxi-
mately 1.4 timesthe speedof the cdc15DScycle and starts
approximately5.5 minutesbefore(i.e., we calculateT (10)
sincecdc15DSstartsat 10 minutes). For the alphaDS we
obtaineda = 1:95andb= 5:89with Es = 0:1812 Fig-
ure 4 shows the aligned/unaligne@xpressiorvaluesfor the
G1 and S=G2 clustersfor the cdc28DSto cdc15DSalign-
ment. Alignment for eachdatasetook approximately5.5
minutesonal GHzPentiumlll machineusingouralgorithm
thatperformsinitial alignmentson smallersubset®of genes;
the alignmentstook approximately45 minuteswithout this
improvement.To validatethe quality of thesealignmentsve
performedwo analysesi1) alignmentf genedn alphaDS
againstgenesin cdc15DSwith geneidentity of thosein
cdcl15DSrandomlypermutedand?2) alignmentsof alphaDS
to cdc15DSusingdifferentnumbersof genes.Note thatfor
brevity only thealphaDSwvasusedwe chosethis datasebe-
causdt is the smallestandpresumablydemonstrates/orst-

#genes a stda b stdb
5 1.80 0.42 -7.70 16.41
10 1.89 0.21 -5.06 21.5
25 1.93 0.10 -4.99 7.07
50 1.93 0.13 -5.13 9.03
100 1.96 0.03 -6.86 2.42
200 1.95 0.02 -6.38 1.76
400 1.96 0.02 -6.12 1.30

Table 2: Resultsof experimentsin which random subsetsof

x ed sizewere sampledl00 timesandalignmentof alphaDSand
cdc15DSwereperformed.The columnsareasfollows: numberof

genewsed stretch/squasparameterstandardieviation of this pa-
rameteyoffsetparametgrandstandardieviation of this parameter
Thisanalysisshavsthatthevariancein theparameterdecreaseas
moregenesareusedandthereis convergenceto thea andb settings
foundwith thefull setof genes.

caseresults. For the rst analysis,we performed200 tri-
als giving Es scoresbetween0.2562-0.3554with 50% of
the scoredying between0.2780-0.3129Theseresultssug-
gestthattheactualalphaDSto cdc15DSE s scoreof 0.1812
would not ariseby a chancealignmentof the genes For the
secondanalysiswe sampledsubset®f betweerb-400genes
100timesfrom thefull setof cell-cycle regulatedgeneqTa-
ble 2). This analysisshavs thatthe variancein the param-
etersdecreaseas more genesare usedandthereis corver-
genceto thea andb settingsfoundwith thefull setof genes.
Interestingly our algorithmis usuallyableto nd the "ac-
tual” a andb parametesettingseven whenrelatively small
numbersf genesareused.

Thus,theseanalysegive evidencethatour algorithmcan
reliably align the cell-cycle datasetsTheseresultscompare
favorablywith thosein Aachet al [1] usingthesamedata.ln



Figure4: Alignmentof genesfor the cdc28DSto cdc15DS Linear warpingwasusedwith the full setof cell-cycle regulatedgenes.The
left-handside shaws class-&eragesf unalignedexpressiornvaluesfor two clusters. The top row shaws alignedresultsfor the G1 cluster
(186 geneskndthe bottomrow the S=G2 cluster(283 genes).Theseresultsindicatethatthe cdc28DScell-cycle runsat approximatelyl.4
timesthe speedf thecdc15DScycle andstartsapproximatelys.5 minutesbefore.

their case they found that their actualalignmentscorewas
not at a low percentilewhen comparedagainstalignments
usingrandomizediata(genevaluesshufed). Further they

indicatethat poor resultswere obtainedwith small cluster
sizes(an analysisover a wide rangeof sizeswas not pre-
sentedn their paper).The factthatour methodusesa con-
tinuousrepresentatioand ts only two parameterto all the
genedelpsto explainits goodperformancenthecell-cycle

data. However, one mustbe carefulin extrapolatingthese
results,sincethey are clearly dependenbn the underlying
dataset.

In a secondapplicationof our alignmentalgorithm, we
usedour methodto discoveryeastcell-cycle regulatedgenes
thatappearto be regulatedby the Fkh2 transcriptionalfac-
tor. Zhu et al performedan experimentin which two yeast
transcriptionalfactors(f kh1 andf kh2) were knocked out
andatime-serienf geneexpressiorievelswasmeasuredn
synchronizeaells[18]. Simonet al [13] demonstratedith
a microarrayDNA-binding experimentthat a set of genes
are boundby Fkh2 in wildtype unsynchronizegeast. We
wereinterestedn discoveringwhich genesin this setshow
alteredexpressionin the knockout experiments. However,
direct comparisorof the datafrom Zhu et al [18] andthat
from Spellmanet al [14] is problematicbecausehe series
weresampledat differentrates,begin at differentcell-cycle
phasesandexhibit differentperiods.

We usedour algorithmto rank fty-six genesboundby
Fkh2 accordingto the differencein expressioncurves of
the alignedwildtype and knockout experiments. The non-
uniformweightingversionof ouralgorithmwasusedo align
thedatasetsisingall geneddenti ed ascell-cycle regulated

in [14] and the genealignmenterror scorese? were used
for ranking. Figure 5 shaws a plot of the spline expression
pro les of thetop four geneswith theworstalignmentscores
andthetop four with the bestscores A pooralignmentscore
indicatesthata geneis behaing differentlyin the knockout
experiment.

The ranking producedby our algorithmappeardo yield
biologically meaningfulresults, highlighting which genes
appearto be regulatedby Fkh2 and thosethat are merely
boundby it. For instance,all of the geneswith the worst
alignmentscoresshovn were determinedto be bound by
bothFkhlandFkh2in [13], whereasll of the bestaligning
geneswveredeterminedo be boundby Fkh2only. This cor
respondgo biological knowledgeindicatingthatboth Fkh1
and Fkh2 arerequiredfor regulationof a numberof genes.
It is alsointerestingthatamongthe genesshavn with good
alignment,threeare boundalso by Swi6 and either Mbp1
or Swi4, factorsthatarelik ely to work independentiyof the
Fkh proteins. Further the geneswith poor alignmentare
knownto beboundby NddlandMcm2lor Ace2and/orSwib.
Mcm1/Nddlare known to work with the Fkh proteinsand
arenotsufcient to regulateexpressiorwithoutthem. Ace2
andSwi5 apparentlycanbind andregulateindependenthof
the Fkh proteins but their expressions Fkh dependent.

6 Conclusionand Future Work
We presentedh uni ed modeland algorithmsthat usesta-

tistical spline estimationto represenigenetime-seriesex-
pressiorpro les ascontinuouscurves.Resultsusingour ap-



Figure5: Alignmentof fkh1/fkh2 knockout dataandthe wildtype alphaDS Genesshavn arefrom a setof genesdemonstratetb be bound
by Fkh2. Shavn arethegeneswith thefour worst(top row) andbest(bottomrow) genealignmentscores A pooralignmentscoreindicates
thata geneis behaing differentlyin the knoclout experiment.Seetext for biologicalinterpretatiorof theseresults.

proachon a large yeastcell-cycle datasetdemonstratehat

our framework, whenusedfor estimatingunobseredtime-

points, clustering,andalignmentof datasetdassubstantial
adwantagesver othermethodshattreattime-seriesasvec-

tors of points. Overall, we believe that as the analysisof

dynamicgenetichehaior becomesnoresophisticatedprin-

cipledmodel-basedthethodsuchasourswill becomeessen-
tial for reconstructingandcombiningdata.

Thereare a numberof interestingextensionsthat could
be madeto our work. Experimentabiologistsoften deter
mine the samplingrate for a time-seriesexperimentbased
on knowledge abouthow quickly geneexpressionvalues
change. Theseassessmentsften make little use of infor-
mationthatmaybe gleanedrom previousexpressiorexper
iments.Our algorithmcouldbeusedto nd the’right” sam-
pling rate for time-seriesexperimentswhich could leadto
substantiatime/costsavings or improvementsn biological
results. Anotherway of extendingthis work is to developa
clusteringalgorithmthatusesour alignmentmethodin order
to group genesthat shov similar kinetic changeshetween
datasets.Anotheropenproblemis developinga principled
methodfor determiningthe signi canceof thealignmenter-
ror in orderto automaticallydetectgeneswhosetemporal
behaior is alteredbetweerexperiments.
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A EM Algorithm for Class Assign-
ment

In this appendixwe presenthe detailsof the EM algorithm
thatis usedin Section3. We startwith the completelog
likelihoodgivenby:

|

log( Z(jji)—-

i j

exp[ (Vi
1 1+

WGXD[ AL )

SiCi+ D' S+ i)=27

(4)

wherej is the classindex and n; is the numberof ob-
sened valuesfor genei. Z(jji) is an (unobsered)binary
indicatorvariablethatassignsachgeneto exactly oneclass.

In theE stepwe computethe expectedvaluesfor Z (j ji):

p(jji) = E(Z(iDiYi) =
pe i SiCi+ g DTS+ oy = 2g P

] e O S u DT SiCar i )= 20 Tk

In theM stepwe rst nd the MAP estimatefor ;; by
setting:
= (2t +sTs) STy s )

Next, we maximize 2; and w.rt. theclassassignment
probabilitiescomputedn the E step:

P P
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i Ni
j is computedy setting:
= pGiNsTs) O pGINST (Y S )

Thenweset ; to:
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B Computing Err or Rates

Herewe describein detail the methodwe usedto compute
theerrorratesof thefour differentmissingvaluesalgorithms
discussedn Section5.1. Denoteby Y;(t) the (hidden)ex-

pressionvaluesfor genei attimet, and by \f.j(t) the esti-
matedvalues.Denoteby m the numberof missing(hidden)
datapointsandby n the numberof geneghatwereusedfor
thetest.Denoteby v thevarianceof thelog ratiosof expres-
sionvalues. Thenthe error of an estimationfor m missing

datapointsis de ned as:
s
vitt )2

1 XX Yi)

mn i=1 1=1 v

err, =

If errn, is above 1 thentheerroris (on average)biggerthan
thereplicationvarianceandvice versa.Thevariancev was
computedusingthe raw expressiondataof the unsynchro-
nizedcellsfrom two differenttime points.



