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ABSTRACT

The use of motif models for generalizing and identifying bind-
ing sites is ubiquitous in modern bioinformatics. However,
the implicit assumptions inherent in motif models is rarely
discussed. While the eld has been moving towards accep-
tance of the position weight matrix model (PWM), a number
of novel models have recently been proposed, suggesting
that the problem is still open. In this paper, | present the
results of unbiased comparisons between six motif models.
While PWM outperforms the other classical models, two re-
cently proposed models signi cantly outperform the PWM.

1 Introduction

The transcriptionalresponsds modulatedin part by DNA-
binding proteinsknown astranscriptionfactors. Thesepro-
teins recognizeand bind speci ¢ DNA sequencegbinding
sites)whichoftendisplayconsiderableariation.Understand-
ing themechanisnof interactionandpredictingspeci ¢ bind-
ing sitesin the absencef proteindatais a majorareaof re-
search.Oncethe binding sitesof a transcriptionfactorhave
beenidenti ed, eitherby de novo predictionor experimenta-
tion, informationaboutthe proteinandthe sequencet inter-
actswith canbeexpandedy scanningnter-genicregionsfor
new putative bindingsites.

Implicit in the study of protein-DNA binding prediction
is the speci ¢ motif modelusedto represenbindingsites. A
motif model seeksto model known binding sites suchthat
it can accuratelyclassify unknavn sequences.Eachmodel
carrieswith it implicit assumptionsboutthe natureof tran-
scriptionfactorbinding sitesthat may profoundlyimpactthe
performanceof the algorithmthat usesthe model. In mary
papersthe choiceof modelis not defendedat all, andoften
timesthe choiceis basedon easeof computatiorratherthan
biological accurag. While often suchchoicesare appropri-
ate,it is importantto understandhe limitations of the model
in use. In mary casesa more appropriatamotif modelmay
yield betterresults.In this paper| systematicallyexaminethe
performanceof six motif models,including the classicposi-
tion weightmatrix (PWM), consensusgandk-mismatchmod-
els,with theaim of identifying strengthsandweaknessf the
variousmodels.

1.1 Biology of transcription factor binding sites

DNA recognitionby a protein can be viewed as a stochas-
tic chemicalprocesdn which the quantity of a transcription
factorF thatis boundto a bindingsite b is describeday the
equilibrium equationF + b F b. The probability that a
transcriptionfactoris boundto a speci ¢ sequencés limited
by therateof diffusionandtherateof dissociation.Therate
of dissociationis governedby the af nity betweenthe pro-
teinandDNA (Benoset al., 2002b). Thus,a protein's ability
to recognizespeci ¢ sequencesgspeci city) canby directly
measuredby theaf nity betweertheproteinandthesequence
(Benosetal., 2002b;StormoandFields,1998).

Theafnity is governedby thenumberof hydrogerbonds
betweemroteinaminoacidsandsequenceaucleotideswhich
is governedby the speci c DNA and peptidesequencesas
well asthe protein structure. Unlike Watson-crickpairing,
amino acid-nucleotidepairing is non-speci candis instead
bestdescribedby a probability distribution, wheresomepo-
sitionsin the bindingsite arehighly conseredandothersare
not (Benosetal., 2002b;Miller andMyers,1988).Thosepo-
sitionswhich arenot tightly constraineddueto non-speci ¢
or weakinteractionswith the protein, are subjectto genetic
drift, leadingto position specic variation (Moses et al.,
2003).

The speci ¢ characterizatiof protein-DNA af nities is
aidedby new high throughputmethodghathave beendevel-
opedin the last decade. The methodsyield both absolute
and relative quanti cation of protein-DNA in vitro binding
afnities of all sequences given transcriptionfactor binds
(with greateraf nity thanthe generabackground) Example
methodsncludeproteinbindingmicroarraysin whichatran-
scriptionfactoris hybridizedto randomsequenceéMukher
jeeetal., 2004;Bulyk et al., 2001), systematicevolution of
ligandsby exponentialenrichmen{SELEX), animmunopre-
cipitationapproachn whichataggedranscriptiorfactoris it-
eratvely immunoprecipitatedvith randomsequence§Gold,
1995), and high throughputchromatinimmunoprecipitation
experimentgHorak and Sryder, 2002). Gel shift assaysan
also be usedfor moderate-throughpuexperiments(Udalova
etal., 2002).

Resultsof theseexperimentsshowv that the set of bind-
ing sitesa proteinrecognizescannotbe describedas a con-
creteset,but ratherasa continuousprobabilisticsetin which
high-afnity (andthereforehigh probability) sitessharesim-
ilar properties. Mutationsbetweenbasesoften have a non-
independentffect on af nity , owing to the complec inter-




action betweennucleotidesand the protein's amino acid se-
guenceandstructurethoughindependenapproximationsre
oftenclose(StormoandFields,1998;Benoset al., 2002b,a).

A commoncounterexampleto the simpleadditivity assump-

HiddenMarkov modelsalsoroseto prominencen DNA
modeling thoughthe numberof parametersnakesthemgen-
erally unsuitableo transcriptiorfactorbindingsite modeling.
Recently variationson Markov modelshave beenproposed,

tion is the Mnt repressarin which signi cant dependence in which somestatisticalsigni cancetestingis usedto iden-

betweenpositions16 and 17 have beenobsened (Man and
Stormo,2001; Man et al., 2004; Fields et al., 1997; Bulyk
etal., 2002). In (Benoset al., 2002b),additivity wasshavn
to hold for high af nity sites,but to fail for low af nity sites,
for the proteinsstudied. In general,additivity modelshave
beenshawn to correlateto experimentalaf nity valueswith
r  0:8 (Mandel-Gutfreundand Margalit, 1998), thoughin
the caseof Mnt, correlation(on a substringof the motif) was
obsenedator belov r  0:6 andaslow asO (Bulyk et al.,
2002).1t is not clearwhich exampleis typical.

1.2 Proposedmodels

Therearethreemotif modelsthatdominatethe literature(for

review, see(Stormo,2000)): the positionspeci ¢ weightma-
trix (PWM), the consensusequenceand the k-mismatch
model. Each model has a strong assumptionof indepen-
dencebetweenpositions. The k-mismatchmodelmakesthe
strongestassumption,assumingthat there exists a canoni-
cal sequencandthe probability of binding dropswith equal
probability over ary variationfrom thatsequenceThe posi-
tion weightmatrix,ontheotherhand,modelspositionspeci ¢

variation,includingquantitatve preferencebetweerbasesat
eachposition. The consensusmodelcanbeviewedasa con-
strainedpositionweight matrix, in thatposition-speci cvari-

ationis modeled but preferencewithin a variablepositionis

not.

Generallythe PWM is assumedo bethe superiormodel,
dueto its explicit modelingof basepreferencesindcleanin-
terpretatiorin the frameawork of informationtheory But with
lessconstrainegarametergsomesan increasedgotentialfor
over tting andsettlingon local optimain the training pro-
cesslt thereforecomesasno surpriseghatmotif nding algo-
rithms basedon consensusind k-mismatchmodelsperform
at leastas well asthosebasedon PWMs (for examplesee
(Sinhaand Tompa,2003)). Neverthelessit is likely thatin
conditionswherethereis highcon dencein alargenumberof
sites(for example,from the high-throughpuexperimentdis-
cussedabove), PWMs model binding sequence$etterthan
consensusnd k-mismatchmodelsdo. However, it is also
possiblethat a modelthat accountdor correlationsbetween
positions(albeitat the expenseof moreparametersyill out-
performPWM undersuchconditions.

A numberof modelshave beenproposedhattake account
of inter-dependencéetweenpositions. One early approach
was describedby (Burge and Karlin, 1997),in which splice
sequencewereshovn to bebettermodeledwith amixture of
PWNMs discriminatedusinga decisiontreeand c? teststhan
by asimplePWM.

tify correlatedpositionswhich arethenmodeledwith amod-
i ed low-orderMarkov modelin which dependenciearenot
necessariljbetweenadjacentpositions(Barashet al., 2003;
Cowell et al., 2002). In (Cowell et al., 2002), signi cant
dependencieareidenti ed usingmutualinformation. They
demonstratéhe successf theirmodelon recombinatiorsig-
nal sequencesyhichtypically have ahighnumberof training
examples.lt is notclearif typicaltranscriptionfactortraining
setsarelarge enoughto reliably usethis model. Barashet al.
modeldependenciessingtree representationand mixtures
of treerepresentation@Barashet al., 2003). They show that
thetreerepresentationgutperformPWM andPWM mixtures
ontestdatasetsisingalog-ratiometric.

Udalovaetal. (Udalovaetal., 2002)proposed principal
coordinatesnalysigPCA) basedapproachwheresequences
of lengthn areprojectednto (n  1)-dimensionaspaceausing
metric scaling,suchthatthe distancebetweerntwo sequences
s ands; in thehigh dimensionakpaceds approximatelyequal
to the hammingdistancebetweens; ands;. Binding af nity
is thenmodeledby linearregressioron thek largestprincipal
coordinateswhich allows for reasonablyaccurateestimates
of therelative bindingaf nities for s ands;. They reporthigh
correlationbetweerpredictedandobseredrelative af nities
(r  0:9) whentrainedon all datasets(comparedo PWM at
r  0:8),thoughcorrelationson cross-alidationexperiments
waslessimpressie (0:66 r  0:9).

The PWM model can be extendedto incorporateposi-
tion correlationsby usinga mixture of PWMs. Informally, a
PWM-mixture modelpartitionsthe setof binding sequences
into k partitions,thenconstructsa PWM out of thesequences
in eachpatrtition. An unknowvn sequencés scoredby taking
aweightedaverageoverthe partitionPWMs (King andRoth,
2003;Barashetal., 2003).RecentlyKing andRothproposed
a modelthat takesthe weightedaverageof the classicPWM
andanextrememixture,in whicheachpartitionsizeis 1. This
modelwasshown to outperformPWM directlyandto becom-
parableto the Barashmethodrelative to the PWM (King and
Roth,2003).

In this paper | directly comparethe three classicmod-
els (PWM, consensusind k-mismatch),as well asthe non-
parametricmodel proposedby King and Roth and a sim-
ple exemplarmethodthatresultsfrom usinga PWM mixture
modelwith partition size of 1 andan unweightedaverageof
PWM scores.

2 Experimental Design

The modelsweretestedagainstknown binding sitesto gage
theability of themodelsto classifynew sequenceandto pre-




dict the relative binding af nity . This sectiondescribeghe
detailsof themodels thetestdata,andthe assays.

2.1 Notation

For clarity, we will follow the notationof (King and Roth,
2003). Let Sprimary = T AC; G, Tg be the alphabetescribing

for sometranscriptiorfactorF for whichtheaf nity is greater
thatsomearbitrarythreshold.For simplicity, we assumehat
eachbindingsiteb; = bj;:::bj, 2 SBrimary hasthe samewidth
n. De ne fy(sjBY to bethescorethatsomemodelM assigns
somesequencs= s;:::s, 2 fA;C;G; Tg" givensomesubset
B® B(F) of sizem®of the known binding siteson which M
wastrained. For brevity, we will often use fy (s) whenthe
trainingsetis clearfrom the context.

2.2 Details of the models
2.2.1 PWM

A PWM modelMpwy is representetty a4 n scoringma-
trix W, with rows indexed by k 2 f A;C; G; Tg and columns

bility thatthe jth characterin a training site b 2 B® is base
k. If afnity datawas available for F, the contrikution of
b was weightedaccordingthe the measureddinding af n-
ity of F to by. To accountfor overtrainingon smalltraining
sets,the probabilitieswereaugmentedo re ect the addition
of 1.7 countsaddedto eachcolumn j andequallydistributed
throughouthe 4 bases.The value 1.7 wasthe optimal value
computedn (King andRoth, 2003)for PWMs over all their
training sets. The probability that M pywy generates string
S= 511115, isgivenby

Pisjw] = (ﬂ)W(S;i)i
i=1

1)

Let\W bethematrix of backgroundrobabilities.Then,

Prisjw]

Pilsj W] ?

fewm(sj BY = log,

2.2.2 KR

We denotethe non-parametrienodeldescribedy King and
Roth as KR (King and Roth, 2003). A KR modelMkg is

Each weight matrix is constructedas describedin section
2.2.1.TheprobabilitythatM kr generategstrings= s;::: s

is givenby
P g
o PHs)W]

3)
forsome0 b 1. LetW bethematrixof backgroungprob-
abilities. Then,

t=1

fkr(siBY = log, 4)

Prfsj W]
The value of b wassetto b = 0:54, re ecting the optimal
valueobtainedn (King andRoth,2003)overall theirtraining
sets.Settingb = 1:0resultsis equivalentto usinga PWM.

2.2.3 Exemplars

Settingb = 0:0 for aKR modelis equivalentto requiringthat
obsened motifs closely matchthe training sequences.We
refer to sucha modelas EXEMPLAR. The computationof
fexempLAR(S] BY is givenby (4), settingb = 0:0.

2.2.4 Consensus

A consensusnodelis astringc = ¢;::: ¢, overthe alphabet
Siupac = fAC,G;T;W,;SY;RK;M;B;D;H;V;Ng, where
each symbol ¢; representsa unique subsetof Sprimary =
fA,C;G;Tg. De ne the function g : Sprimary Siupac !

f 0; 1g to beabinaryfunctionsuchthat

1 ifa2hb

9(ab) = 0 otherwise.

Thenwe cande ne fconsas

)
feons(siB) = O g(s;c):
i=1

®)

Thatis, fcons(s) = 1, if all thecharacterén s aresubsetof
thecorrespondingharacterén c, andO otherwise.
Trainingc on B®wasa particularlyactive areaof research
in the late 1980's. The simplestmethodis to simply choose,
for eachpositioni, the IUPAC symbolthatincludesprecisely
all theith symbolsin thetraining sequencesWe referto the
consensumodeltrainedunderthis naive approactasCONS.
In 1992,Day andMcMorris publisheda critical compari-
sonof consensusrainingmethods.Their resultssuggesthat
the bestway to train a consensusnodelis using what they
call the plurality-rule (referredto hereaftelasPL). Determin-
ing ¢; by PL canbebrie y summarizedsfollows (detailscan
be foundin (Day andMcMorris, 1992a).De ne P to bethe
collectionof lettersof the ith charactein the m°training se-
guencessortedin orderof frequenciesFor example,suppose
A occurs4d times,C occurs2 times,andG andT do notoccur
atall. ThenP = (A;A;A;A;C;C). Pis saidto bethepro le




of i. Any prole Q is saidto be balancedif the frequeny
of eachbasediffersby no morethanl from thefrequeng of
all otherbaseghat occurat leastonce. An IUPAC symbol
is representedsa balancedoro le. Thedistanced(P,Q) be-
tweentwo pro les is de ned to be the countof the number
of changesecessaryo make Q = P. PL returnsthe [UPAC
code(s)associatedvith balancedpro les at a minimum dis-
tancefrom thegivenP (Day andMcMorris, 1992a).

2.2.5 k-mismatch

A k-mismatchmodel (KMM) is a modi cation of the con-
sensusnodel. In it's simplestform, the consensusequence
C= C1:::Cy is over the alphabetSprimary, andthe scoreof a
sequences is given by the hammingdistancebetweens and
¢, normalizedby length. Thus,if we de ne h(s;; ;) to bethe
hammingdistance(numberof mismatchespetweens; and

S, then
h(c;s)

fimm (5§ BY = (6)

A thresholdmaybesetat fxymm

n

2.3 Datasets

A commonproblemin testingmotif modelsis de ning agold-

standarddatasetfor which false positive and false negative

ratescan be accuratelyassessedAssessing falsenggative

is straightforward, if we have con dencein the experiment
describingthe true positives. However, assuringhata “f alse
positive” resultis truly afalsepositive andnot simply a bind-

ing sequencéhat lay outsidethe scopeof an experimentis

more dif cult. Here, we useresultsfrom a variety of high

throughputexperimentseachof which attemptsn someway

to exhaustvely characterizdindingaf nity in someway. By

usingresultsfrom differenttypesof experimentswe reduce
thepotentialfor systematidias,thoughsuchexperimentsal-

wayshave anunknown biasthatresultsfrom the experiments
beingin vitro. The datasetsusedareasfollows.

Mnt is awell-studiedrepressopf thebacteriumSalmonella
Thehighestaf nity bindingsiteswerecharacterizedh
1997usingthe SELEX procedureThis proceduraises
the propertiesof competitive binding and randomse-
guencego selectfor thoserandomsequencesvhich
are boundwith a higheraf nity . The procedures it-
erateduntil, with high-con dencethe setof sequences
are thosewith the highestbinding af nities with the
given protein. While the protein may bind other se-
guencesthereis high con dencethatthosesequences
will haveloweraf nity (for areview, see(Gold,1995)).
The 62 highest-ahity Mnt binding sitesof length17
weretakenfrom (Fieldsetal., 1997). Therelative bind-
ing af nities werenot availablefor this dataset.

NF-kB is a transcriptionfactor that co-regulatesgenesin-
volved with the immune response. (Udalova et al.,
2002) characterizedhe binding af nity of the NF-
kB binding motif by recombinanp50p50homodimer
and p50p65 heterodimer The acceptedconsensus
of GGGRNNYYCC was generalized,and the bind-
ing af nities 52 of the 256 possiblemotifs to p50p50
andp50p65werecharacterizedsinganelectrophoretic
mobility-shift assay The 52 sequencewerechosenn
orderto getmaximumcoverageof the consensusThe
restof the binding af nities were predictedusingtheir
PCA model, which was shavn to have a correlation
of r = 0:90 andr = 0:82 respectiely for p50p50and
p50p650n leare-one-outcrossvalidation tests. Rel-
ative binding af nities for all 256 sequencesre re-
ported on a scaleof 0-1 againstthe highestaf nity
site. Experimentalaf nities were normalizedagainst
the highestaf nity sequencewhich wasgivena score
of 227(Udalwvaetal., 2002).

Oct-1 is a ubiquitousDNA-binding proteinin humancells.
As for NFkB, therelative binding af nities of only 68
of the256sequencematchingtheconsensuRYKGN-
HAWY wereexperimentallycharacterizedThesewere
characterizedusing microarray and surface plasmon
resonancéechnology Binding af nities werenormal-
ized againstGTATGCAAAT, which wasgivena value
of 1000. The relative binding af nities for all 256 se-
guencesverepredictedasdescribedor NFkB andre-
portedon arelative scaleof 0—1 (Udalovaetal., 2002).

CTF/NFL1 is a protein that binds palindromic DNA as a
homodimerwith a variable-lengthspacerregion with
modelengthof 19. Rouletetal. identi ed the highest-
afnity binding sitesusing a modi cation of the SE-
LEX procedure. We take the binding sitesto be the
highestaf nity sites (referredto as SELEX4 in their
paper)(Rouletetal., 2002).

TRANSFAC is a databasef transcriptionfactorsandtheir
binding sites (Wingenderet al., 1996). Binding sites
enteredinto the databasere given a con dencelevel
basedon the methodof characterizationln their study
of Bayesiannetwork modelingof transcriptionfactor
binding sites,Barashet al. identi ed 95 transcription
factorsfrom TRANSFAC with which to testtheir mod-
els(Barasletal., 2003). This samedatasetwasusedby
(King andRoth, 2003) as a direct comparisonagainst
the PWM model and an indirect comparisonagainst
the Barashdata. To avoid the independencassump-
tions inherentin the missingvalue estimationusedin
(Barashet al., 2003) and (King and Roth, 2003), we
usedonly the 54 transcriptionfactorsfor which there
wereno missingvalues.




2.4 Metrics

To testtheability of amotif modelto accuratelyepresenand
predictthe bindingsitesof a transcriptiorfactor, four metrics
wereused.Onemetricmeasuresheability of amodelto pre-
dict relative binding af nities. The othersmeasurehow well

amodelpartitionssequencemto high-afnity (truebinding)
andlow af nity (non-binding)sites.For eachmetric,amodel
wastrainedon somepercentage of the available sites. In

the robustnesgests, p was varied from 0 to 1 at 0.05 in-

crements. In eachcase,the experimentwas 7-fold cross-
validated meaningthata differentsubsebf the availablese-
guencesvasusedfor trainingandthe resultswerecomputed
andaveraged’ times. At eachcrossvalidationstep,the mod-
els were trainedon p percentof the dataandtestedon the
entire dataset. For high p, training setsbetweencrossvali-

dationstepsoverlapped.Eachmetricwasmeasuredor each
modelon all datasetsand the meanand standarderror are
reported.

To measurehe correlationbetweenf (s) andthereported
(relative) binding af nity of s, the Pearsorrank correlation
betweenpredictedand reportedbinding af nity rankswas
used.This experimentwasonly performedon the probabilis-
tic models(PWM, EXEMPLAR and KR). The experiment
was repeatedwo times: once with training on all binding
sites,andoncewith true 7-fold crossvalidation,in whichthe
modelsaretrainedon 6/7 of thedataandtestedon theremain-
ing 1/7 of thedata,repeated times.

To measurehe ability of a modelto scana randomse-
guenceandreportonly truebindingsites thefollow assaywas
developed. For eachtranscriptionfactorF, atestsetTr was
constructeduchthatTg = B(F) [ Ry, whereR, is asetof se-
guencesver Sprimary Of lengthn generatedrom anindepen-
dentidenticaldistributionandR,[ B(F) = f. EachmodelM
wasthenaslkedto scoreeachsequencen Tr andreturnthetop
m= jB(F)j scoringsequenced-alsenegativeswerereported
asthepercenbf s2 B(F) thatM failedto reportasatop scor
ing sequenceFalsepositveswerereportedasthe numberof
non-bindingsequenceseportedas as a top m sequenceer
1000non-bindingsequencescored.For thedatasetsf Oct-1
andNFkB, which reporttherelative bindingaf nities for ev-
ery possiblesequencenatchingthe acceptedonsensusynly
thosesequencesvith a relative afnity of at least0.5 were
countedasB(F).

In orderto createa binary classi cation of binding/non-
binding, all of the modelsexcept CONSandPL requirethe
assignmenof somethreshold.To measurghe separatiorthat
the bestthresholdvaluewould yield for a giventranscription
factor theoverlapbetweerthescoreof B(F) andR, werere-
ported.Informally, this metricis the percentagef sequences
s2 Tr whosescoref(s) is in therangeof scoresassignedo
sequencei both B(F) andR,. Thus, an overlap scoreof
0.0indicateyerfectseparatioetweerB(F) andR,, while a
scoreof 1.0indicateshatB(F) andR,, areindistinguishable.

3 Results
3.1 Correlationwith af nity data

One well-known adwvantagefor PWMs is the interpretation
of PWM log ratio scoresas an estimateof binding af n-
ity (Miller and Myers, 1988; Benoset al., 2002b; Stormo
andFields,1998). | thereforetestedthe correlationbetween
the scoresof KR, EXEMPLAR and PWM and the experi-
mental binding af nity data. In training the models, each
weight matrix was weightedby the experimental(relative)
af nity . Eachmodelthenscoredhesequencesndthemodel
scoreswverecomparedvith the (log-transformedgxperimen-
tal scores.BecauseEXEMPLAR assigndow valuesto pre-
viously unseensequenceshe Pearsorrank correlationwas
used. The rank correlationwas indistinguishablefrom the
standardPearsorcorrelationfor KR andPWM in all testsets
(datanot shawn).

Themodelswere rst trainedonall of thesequenceshen
testedon their ability to correctlyreturnthe sequencesvith
the properranks. As Table 1 shovs, EXEMPLAR perfectly
recreatesheranking(r = 1:0) andKR hasa nearperfectas-
signedranking(averager = 0:98), while PWM hasacorrela-
tionof r = 0:77,similarto thereporteccorrelationof r = 0:79
in (Miller andMyers,1988).

To testthe ability of the modelsto generalizeto unseen
data,7-fold crossvalidationwas used,in which the models
weretrainedon (the same)6/7 of the binding sitesandtested
ontheremainingl/7 of the binding sites. The processs iter-
ated7 time to insurethat all sitesaretested. Table1 reports
the averageand standarderror of the crossvalidationtests.
The performancef all modelsdegradesunderthe crossvali-
dationtests,suchthatthe threemodelsareindistinguishable,
giventhehigh standarcerrors.

Takentogetheythe correlationtestsindicatethatKR and
EXEMPLAR do a superiorjob of representinghe training
sites,with little or nolossin generalizabilityto unseerposi-
tiveexamples.Thisis shavn graphicallyin Figurel, in which
the three modelswere trained on 90% of the binding sites
from Oct-1 andtestedon all binding sitesfrom Oct-1. Pre-
dicted ranks are plotted on the x-axis and actualranksare
plotted on the y-axis. The deviation to the left of the diag-
onalline indicateshata sequencevasrankedtoo high, while
deviation to the right of the diagnalline indicatesthat a se-
guencesvasrankedtoo low. EXEMPLAR's performances
shavnto benearperfectfor all but 5 extremeoutliers. Theseb
outliersare5 of the 6 sequencesn which EXEMPLAR was
not trained. The distributions of PWM andKR are similar,
thoughKR demonstrateseducedvariationaroundthe diago-
nal. The correlationgfor the four modelsin this exeperiment
were0.94,0.66and0.82for KR, EXEMPLAR andPWM, re-
spectvely. Thesenumbersaretypical for experimentsvhere
the modelsaretrainedon 90% of the binding sitesandtested
onall of thebindingsites.




Tablel: Pearsomankcorrelationof predictedranksversusexperimentabindingaf nity ranks.

Trainedon all
DATASET | KR EXEMPLAR PWM
Oct-1| 0.98 1.00 0.77
p50p50| 0.97 1.00 0.80
p50p65| 0.98 1.00 0.74
Average| 0.98 1.00 0.77

7-fold crossvalidated
KR EXEMPLAR PWM
0:70 0:03 0:70 0:.04 067 0:.04
0:67 004 052 0.08 0:66 0:05
0:70 0:11 060 0:12 0:69 0:08
0.69 0.61 0.68

aModelsweretrainedon 100%of bindingsites.’Modelsweretrainedon 6/7 of dataandtestedon remainingl/7,
repeating/ times. Averageranked correlationsaandstandarcerrorarereported.

¢ KR m EXEMPLAR 4 PWM ‘

60

50 - N =

40 -

Actual rank

30
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Figure1l: Predictedversusactualranksof Oct-1 binding se-
guencedor which relative bindingaf nities wereexperimen-
tally derived (Linnell et al., 2004). Eachmodelwastrained
on a 90% of the sequence&andomlychosen)thenaskedto
scoreall of thesequences.

3.2 Classi cation metrics

Correlationwith bindingaf nity hasnicetheoreticaimplica-
tions. However, in practice motif modelsaretypically usedo
scanlargesequencewith thepurposeof identify siteswherea
proteinis likely to have signi cant interactionwith the DNA.
Eachmodelwas thereforetestedusing 3 classi cation met-
rics, asdescribedn section2.4. Thesemetricsaredesigned
totestamodelsability to distinguishhigh af nity (highprob-
ability of binding) sitesversudow af nity sites.

Eachmodelwasrunonthefour non-TRANSIAC datasets
describedn section2.3. Figure2 shawvs the resultswhenthe
modelsaretrainedonall availablesequence§A—C) or 90%of
the available sequenceéD—F). The performanceof all mod-
els varieswith the dataset, the most extremeexamplesbe-
ing CTF/NFlandMnt. CTF/NF1binds DNA asa homod-
imer with two 4 base-paibindingdomainsseparatedhy a 19
base-pailinker region. The majority of the binding site is,
therefore,largely subjectto geneticdrift, making modeling
with atraditionalmodeldif cult. Only KR andEXEMPLAR
areableto modelthe CTF-NF1binding siteswith somerea-
sonableaccurag, thoughKR still allows morethan 30 false
positivesper 1000sequencesThe simple consensugor the
62 Mnt binding sequencess NRBNYCAYNGTGRHBNN,
which generate$912 sequences.Neverthelessall models
but PL areableto modelthe bindingsiteswith high accurag.
Becausghesequences 17 basepairslong, only 6912=417 se-
guencesvill matchit. PL doesnotmodelMnt well dueto the
consenative natureof thetrainingalgorithm. PL's consera-
tive natureis alsoseenin thereductionof falsepositive errors
and decreaseén sensitvity relatve CONSENSUSWith the
exceptionof EXEMPLAR, KR outperformgheothermodels.
Theperformancef all modelsdegradesslightly whentrained
on 90% of the data,but the relative ranksof the modelsstill
hold.

To testthe generalizabilityof theseresults,we ran the
sametestson a setof 54 transcriptionfactorsand their re-
portedbinding sites. The siteschosencomefrom TRANS-
FAC andarethoseusedn (Baraskhetal., 2003;King andRoth,
2003)thatdo nothave missingvalues.Figure3 shavsthatthe
resultsgeneralizewell to a wide rangeof transcriptionfac-
tors. KR andEXEMPLAR consistentlyandsigni cantly out-
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Figure2: Performancef themodelson ve datasets(A—C) whentrainedon the entiredatasets,and(D—F) whentrainedon
90% of thedatasets.Error barsindicatestandarcerrorover 10 replicates.




performthe other modelson all metrics,with the exception
that KR, EXEMPLAR and PL have indistinguishableerror
ratesper1000motifs. This metricis perhapghe mosttelling,

asary measurablerroris greatlyampli ed whenscanning
several megabasesf sequenceln this metric, KR, EXEM-

PLAR andPL signi cantly outperformPWM with a 50—-60%
improvement. For KR and EXEMPLAR, this improvement
apparentlycomesat nolossin sensitvity, asmodelsbothsig-

ni cantly outperformPWM. This is, in part, dueto the ex-

perimentaldesignwhich requiresthatthe probabilisticmod-
elsreturna setnumberof sequencesHowever, the overlap
metric, which measureshe theoreticalability for a modelto

distinguishbetweerpositive andnegative pairsgivenanopti-

malthreshold KR andEXEMPLAR signi cantly outperform
PWM, providing (near) perfectseparationcomparedto the
4% overlapPWM allows.

Motif modelsare usedundervarying conditions. Often
times,bindingsitesarepredictedrom asetof co-regulatedor
homologougjenes.In thesecasespnly a few training exam-
plesareavailable.To testtheperformanc®f themotif models
whentrainedon sparsedata,the TRANSFAC datasetswere
usedandthe training size wastitrated at 5% intervals. The
resultsaresummarizedn Figure4. KR andEXEMPLAR are
superiorto the othermodelsin all metricsexceptfalseposi-
tivesper1000motifs (mostdifferencesrestatisticallysignif-
icantat a = 0:05). KR maintainsits separatiorfrom PWM
whentrainedon at least50% of the binding sites. PL is the
mostselectie metric,selectingafalsepositve atmost2 times
out of 1000. The overlappercentagefor PL and CONSare
off scale.

4 Discussion

The PWM hasbeenlargely embracedy the bioinformatics
community to the extentthat new tools seekonly to identify
the optimalweightmatrix. Onenew databasef high-quality
experimentallyderivedbindingsitesonly makesavailablethe
PWM for eachtranscriptionfactor (Sandelinet al., 2004).
However, my resultsindicatethat, even given the full setof
bindingsites,aPWM is still expectedto identify six spurious
hits perkilobasesequenceSucha falsepositive rateis unac-
ceptablavhenscanningontheorderof megabasesA number
of researcherbtave recognizedhis limitation and proposed
solutions.(Barashetal., 2003;King andRoth,2003)demon-
stratethat a modestincreasen parametergan signi cantly
outperformthe positionweight matrix. The resultspresented
herereinforcethoseresults,suggestinghat the KR method
is signi cantly betterthan PWM at classifyingunknown se-
guenceswith thedifferenceincreasingasthetraining setbe-
comesmorecomplete EventhesimpleEXEMPLAR method
doesno worsethan PWM on small training setsand signi -
cantly outperformsPWM on nearcompletedatasets.

The cleaninterpretatiorof PWM scoresasan estimateof
binding enepy is an attractve property(Stormoand Fields,

1998; Stormo, 2000), and a numberof papersreport high
correlationbetweenPWM scoresandrelative binding af ni-
ties. For example, (Benoset al., 2002a)report correlation
coefcients as high as 0.88—0.99%or optimal PWMs on 3
basepair stretcheswhen using a true backgrounddistribu-
tion [using the true backgrounddistribution for the human
genomethe performanceof all threemodelsdecreaseddata
notshown); thereforeyaluespresentedh this paperarebased
on an equalprobability backgroundnodel]. (Miller andMy-
ers,1988)analyzedylobalamino-acid-nucleotidequencies
over a numberof proteins. Using an equalprobability back-
groundmodel,their predictedresultsyieldeda correlationof
0.79. Theseresultsare consistentwith the correlationspre-
sentedhere. However, my resultsalsosuggesthat KR is a
betterpredictorof bindingaf nity thanPWM, and,giventhe
entiresetto train on (which the previous papersallowed) KR
andEXEMPLAR modelbindingaf nities extremelywell.

In practice,it is notclearhow gooda correlationneedso
bein orderto beuseful.In thissensetheclassi cationmetrics
moredirectly measurghepracticalability of amodelto iden-
tify potentialhighaf nity bindingsites.Theresultspresented
heresuggesthatKR or EXEMPLAR is the preferredmodel
to use,assumingan optimal thresholdcanbe achieved. The-
oretically, it shouldbe possibleto learnthe optimalthreshold
for a dataseusingthe experimentalprotocolfor the overlap
metricandsettingthe thresholdto re ect a desiredfalsepos-
itive or false negative error rate if perfectseparationis not
possible.

New high throughputtechnologiesfor high-con dence
afnity characterizatiomreyielding atremendousmountof
afnity data. However, thereis a disturbingtrend towards
using that datato simply make a better PWM. The results
presentecheresuggesthat this approachiosesa signi cant
amountof informationthat could be capturedby othermod-
els. While KR andEXEMPLAR arenot perfectmodels,the
fact that they signi cantly outperformPWM suggestghat
researchershouldbe cautionedagainstassumingoo much
aboutthe power of the PWM model. In the past,the bestal-
ternatve modelshave requiredtoo mary parameterso be ef-
fectively learnedon the available data;however, new models
successfullyaddresghisissue,andnew af nity characteriza-
tion technologieshave signi cantly increasedhe size of the
datasets.

References

Barash,Y., Elidan, G., FriedmanN. andKaplan,T. (2003) Model-
ing dependenciem protein-DNA binding sites. In RECOMBO03:
Proceedingsf the Seventh AnnualInternational Confeenceon
ComputationaMolecularBiology. Berlin, Germay.

Benos,P. V., Bulyk, M. L. and Stormo,G. D. (2002a)Additivity
in protein-DMA interactions:how good an approximationis it?
NucleicAcidsReseath, 30, 4442-4451.

Benos,P. V., LapedesA. S. and Stormo,G. D. (2002b)ls therea




By A 1204 g 1207 ¢
16
100 100
14
F]
'é 12 _. 80 80
810 § g
S £ 60 & o0
o 8 ‘@ o
g 3 s
S 6 40 40
I
4
20 20
2
0 0 04
KR EXEMPLAR PWM PL CONS KMM KR EXEMPLAR PWM PL CONS KMM KR EXEMPLAR PWM PL CONS KMM

Figure 3: Performanceof the modelson 54 Transhc dataset. Eachmodelis trainedon the entire dataset. The averages
andstandarderrorsare reported. (A) The falsepositive rate, measuredn falsepositives per 1000 randomsequences(B)
the sensitvity, measuringhe percentof true binding sitesthatarereportedby the model; (C) the percentagef encountered
sequencewhosescoremakesanunambiguousglassi cationimpaossible.

— KR —— EXEMPLAR —PWM PL — CONS —KMM

204 A 1207 B 4007 C

16 100

30.0
14 4 80
12 4 25.0 4

60

Overlap (%)
8
o

40

20

False positives per 1000 motifs
5
Sensitivity (%)

o N & O ©

o 0+
100 9 8 70 60 50 40 30 20 10 100 9 8 70 60 50 40 30 20 10 100 9 8 70 60 50 40 30 20 10

Figure4: Performancef themodelson TRANSFAC datasetThex-axisis the percenthe availabledataon whichthe model
wastrained. Eachpoint is the averageof that modelover all 54 TRANSFAC datasets,crossvalidated? times. (A) The
falsepositive rate,measuredn falsepositivesper 1000randomsequenceqB) the sensitvity, measuringhe percentof true

bindingsitesthatarereportedoy themodel;(C) thepercentagef encounteredequencewhosescoremakesanunambiguous
classi cationimpossible.




codefor protein-DNA recognition? probab(ilistical)ly . Bioes-
says 24, 466-475.

Bulyk, M. L., Huang,X., Choo, Y. andChurch,G. M. (2001) Ex-
ploring the DNA-binding speci cities of zinc ngers with DNA
microarrays. Proceedingsof the National Academyof Science
USA 98, 7158-7163.

Bulyk, M. L., Johnson,P. L. F. and Church, G. M. (2002) Nu-

cleotidesof transcriptiorfactorbindingsitesexertinterdependent

effectson the binding af nities of transcriptionfactors. Nucleic
AcidsResearh, 30, 1255-1261.

Burge, C. andKarlin, S. (1997) Predictionof completegenestruc-
turesin humangenomicDNA. Journal of Molecular Biology,
268 78-94.

Cowell, L. G., Davila, M., Kepler T. B. and Kelsoe, G. (2002)
Identi cation and utilization of arbitrary correlationsin models
of recombinationsignal sequences. GenomeBiology, 3, RE-
SEARCHO0072.

Day, W. H. andMcMorris, F. R. (1992a)Consensusequencebased
on plurality rule. Bulletin of MathematicalBiology, 54, 1057—
1068.

Day, W. H. andMcMorris, F. R. (1992b)Critical comparisorof con-
sensusnethodgor molecularsequencedNucleicAcidsReseath,
20, 1093-1099.

Fields,D. S.,He,Y., Al-Uzri, A. Y. andStormo,G. D. (1997)Quan-
titative speci city of the Mnt repressarJournal of MolecularBi-
ology, 271, 178-194.

Gold, L. (1995)Oligonucleotidesasresearchdiagnostic,andther
apeuticagents. Journal of Biological Chemistry 270 13581—
13584.

Horak,C. E. andSryder, M. (2002)ChIP-chip:a genomicapproach
for identifying transcriptionfactorbinding sites. Methodsin En-
zymolay, 350 469-483.

King, O.D. andRoth,F. P. (2003)A non-parametrienodelfor tran-
scriptionfactorbinding sites. NucleicAcidsReseaeh, 31, e116.
EvaluationStudies.

Linnell, J.,Mott, R., Field, S., Kwiatkowski, D. P., Ragoussis).and
Udalova, I. A. (2004) Quantitatve high-throughputanalysisof
transcriptiorfactorbinding speci cities. NucleicAcidsReseath,
32 e44.

Man, T. K. and Stormo, G. D. (2001) Non-independencef mnt
repressceoperatorinteractiondeterminedby a nev quantitatve
multiple uorescencerelative af nity (qumfra) assay Nucleic
AcidsReseath, 29, 2471-2478.

Man, T.-K., Yang,J. S.andStormo,G. D. (2004)Quantitatve mod-
eling of DNA-proteininteractionseffectsof aminoacid substitu-
tions on binding speci city of the Mnt repressor NucleicAcids
Reseath, 32, 4026-4032.

Mandel-GutfreundyY. and Margalit, H. (1998) Quantitatve param-
etersfor aminoacid-basenteraction:implicationsfor prediction
of protein-DMNA bindingsites.NucleicAcidsReseath, 26, 2306—
2312.

Miller, W. andMyers, E. W. (1988)Sequenceomparisorwith con-
cave weightingfunctions. Bulletin of MathematicalBiology, 50,
97-120.

Moses,A. M., Chiang,D. Y., Kellis, M., Lander E. S. and Eisen,
M. B. (2003)Positionspeci ¢ variationin therateof evolutionin
transcriptionfactorbinding sites. BMC EvolutionaryBiology, 3,
19.

Mukherjee,S., Berger, M. F,, Jona,G., Wang, X. S., Muzzey, D.,
Sryder, M., Young,R. A. andBulyk, M. L. (2004)Rapidanaly-
sis of the DNA-binding speci cities of transcriptionfactorswith
DNA microarrays.Nature Genetics36, 1331-1339.

Roulet,E., Busso,S.,Camago, A. A., SimpsonA. J.G., Mermod,
N. andBucher P. (2002)High-throughpuSELEX SAGE method
for quantitatve modelingof transcription-actorbindingsites.Na-
ture Biotednolagy, 20, 831-835.

Sandelin,A., Alkema, W., Engstrom,P,, WassermanW. W. and
Lenhard,B. (2004)Jaspar:an open-accesdatabasédor eukary-
otic transcriptiorfactorbindingpro les. NucleicAcidsReseath,
32 Databaseissug 91-94.

Sinha,S. and Tompa,M. (2003) Performancecomparisorof algo-
rithmsfor nding transcriptionfactorbindingsites. In 3rd IEEE
Symposiunon Bioinformaticsand Bioengineeringpp. 214—220.
IEEE ComputerSociety

Stormo,G. D. (2000)DNA bindingsites:representatioanddiscor-
ery. Bioinformatics 16, 16—23.Historical Article.

Stormo,G. D. andFields,D. S. (1998) Speci city, free enegy and
informationcontentin protein-DNA interactions. Trendsin Bio-
chemicalSciences23, 109-113.

Udalova, I. A., Mott, R., Field, D. and Kwiatkowski, D. (2002)
Quantitatve predictionof NF-kappaB DNA-proteininteractions.
Proceeding®f the National Academyof SciencdJSA 99, 8167—
8172.

Wingender E., Dietze, P, Karas, H. and Knuppel, R. (1996)
TRANSFAC: a databaseon transcription factors and their
DNA binding sites. Nucleic Acids Reseath, 24, 238-241.
http://transfac.gbf-braunschweig.de/TRANS FAC/.

10



