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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, I 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 Intr oduction

The transcriptionalresponseis modulatedin part by DNA-
binding proteinsknown as transcriptionfactors. Thesepro-
teins recognizeand bind speci�c DNA sequences(binding
sites)whichoftendisplayconsiderablevariation.Understand-
ing themechanismof interactionandpredictingspeci�c bind-
ing sitesin theabsenceof proteindatais a majorareaof re-
search.Oncethe binding sitesof a transcriptionfactorhave
beenidenti�ed, eitherby denovo predictionor experimenta-
tion, informationabouttheproteinandthesequencesit inter-
actswith canbeexpandedby scanninginter-genicregionsfor
new putativebindingsites.

Implicit in the studyof protein-DNA binding prediction
is thespeci�c motif modelusedto representbindingsites.A
motif model seeksto model known binding sitessuchthat
it can accuratelyclassify unknown sequences.Eachmodel
carrieswith it implicit assumptionsaboutthe natureof tran-
scriptionfactorbindingsitesthatmayprofoundlyimpactthe
performanceof the algorithmthat usesthe model. In many
papers,thechoiceof modelis not defendedat all, andoften
timesthechoiceis basedon easeof computationratherthan
biological accuracy. While often suchchoicesareappropri-
ate,it is importantto understandthe limitationsof themodel
in use. In many cases,a moreappropriatemotif modelmay
yield betterresults.In thispaper, I systematicallyexaminethe
performanceof six motif models,including theclassicposi-
tion weightmatrix (PWM), consensus,andk-mismatchmod-
els,with theaimof identifyingstrengthsandweaknessof the
variousmodels.

1.1 Biology of transcription factor binding sites

DNA recognitionby a protein can be viewed as a stochas-
tic chemicalprocessin which the quantityof a transcription
factorF that is boundto a bindingsite b is describedby the
equilibrium equationF + b 
 F � b. The probability that a
transcriptionfactoris boundto a speci�c sequenceis limited
by therateof diffusionandtherateof dissociation.Therate
of dissociationis governedby the af�nity betweenthe pro-
tein andDNA (Benoset al., 2002b).Thus,a protein'sability
to recognizespeci�c sequences(speci�city) can by directly
measuredby theaf�nity betweentheproteinandthesequence
(Benoset al., 2002b;StormoandFields,1998).

Theaf�nity is governedby thenumberof hydrogenbonds
betweenproteinaminoacidsandsequencenucleotides,which
is governedby the speci�c DNA andpeptidesequences,as
well as the protein structure. Unlike Watson-crickpairing,
amino acid-nucleotidepairing is non-speci�c and is instead
bestdescribedby a probabilitydistribution, wheresomepo-
sitionsin thebindingsitearehighly conservedandothersare
not (Benosetal., 2002b;Miller andMyers,1988).Thosepo-
sitionswhich arenot tightly constrained,dueto non-speci�c
or weak interactionswith the protein,aresubjectto genetic
drift, leading to position speci�c variation (Moses et al.,
2003).

Thespeci�c characterizationof protein-DNA af�nities is
aidedby new high throughputmethodsthathave beendevel-
oped in the last decade. The methodsyield both absolute
and relative quanti�cation of protein-DNA in vitro binding
af�nities of all sequencesa given transcriptionfactor binds
(with greateraf�nity thanthegeneralbackground).Example
methodsincludeproteinbindingmicroarrays,in whichatran-
scriptionfactoris hybridizedto randomsequences(Mukher-
jee et al., 2004;Bulyk et al., 2001),systematicevolution of
ligandsby exponentialenrichment(SELEX),animmunopre-
cipitationapproachin whichataggedtranscriptionfactoris it-
eratively immunoprecipitatedwith randomsequences(Gold,
1995), and high throughputchromatinimmunoprecipitation
experiments(Horak andSnyder, 2002). Gel shift assayscan
alsobe usedfor moderate-throughputexperiments(Udalova
et al., 2002).

Resultsof theseexperimentsshow that the set of bind-
ing sitesa protein recognizescannotbe describedasa con-
creteset,but ratherasa continuousprobabilisticsetin which
high-af�nity (andthereforehigh probability)sitessharesim-
ilar properties. Mutationsbetweenbasesoften have a non-
independenteffect on af�nity , owing to the complex inter-
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actionbetweennucleotidesandthe protein's aminoacid se-
quenceandstructure,thoughindependentapproximationsare
oftenclose(StormoandFields,1998;Benoset al., 2002b,a).
A commoncounterexampleto thesimpleadditivity assump-
tion is the Mnt repressor, in which signi�cant dependence
betweenpositions16 and17 have beenobserved (Man and
Stormo,2001; Man et al., 2004; Fields et al., 1997; Bulyk
et al., 2002). In (Benoset al., 2002b),additivity wasshown
to hold for high af�nity sites,but to fail for low af�nity sites,
for the proteinsstudied. In general,additivity modelshave
beenshown to correlateto experimentalaf�nity valueswith
r � 0:8 (Mandel-Gutfreundand Margalit, 1998), though in
thecaseof Mnt, correlation(on a substringof themotif) was
observed at or below r � 0:6 andas low as0 (Bulyk et al.,
2002).It is not clearwhichexampleis typical.

1.2 Proposedmodels

Therearethreemotif modelsthatdominatetheliterature(for
review, see(Stormo,2000)): thepositionspeci�c weightma-
trix (PWM), the consensussequence,and the k-mismatch
model. Each model has a strong assumptionof indepen-
dencebetweenpositions. The k-mismatchmodelmakesthe
strongestassumption,assumingthat there exists a canoni-
cal sequenceandtheprobabilityof bindingdropswith equal
probabilityover any variationfrom thatsequence.Theposi-
tionweightmatrix,ontheotherhand,modelspositionspeci�c
variation,includingquantitativepreferencesbetweenbasesat
eachposition.Theconsensusmodelcanbeviewedasa con-
strainedpositionweightmatrix, in thatposition-speci�cvari-
ation is modeled,but preferencewithin a variablepositionis
not.

Generally, thePWM is assumedto bethesuperiormodel,
dueto its explicit modelingof basepreferencesandcleanin-
terpretationin theframework of informationtheory. But with
lessconstrainedparameterscomesan increasedpotentialfor
over-�tting andsettlingon local optima in the training pro-
cess.It thereforecomesasnosurprisethatmotif �nding algo-
rithms basedon consensusandk-mismatchmodelsperform
at leastas well as thosebasedon PWMs (for examplesee
(SinhaandTompa,2003)). Nevertheless,it is likely that in
conditionswherethereis highcon�dencein alargenumberof
sites(for example,from thehigh-throughputexperimentsdis-
cussedabove), PWMs modelbinding sequencesbetterthan
consensusand k-mismatchmodelsdo. However, it is also
possiblethat a model that accountsfor correlationsbetween
positions(albeitat theexpenseof moreparameters)will out-
performPWM undersuchconditions.

A numberof modelshavebeenproposedthattakeaccount
of inter-dependencebetweenpositions. Oneearly approach
wasdescribedby (Burge andKarlin, 1997), in which splice
sequenceswereshown to bebettermodeledwith amixtureof
PWMs discriminatedusinga decisiontreeandc 2 teststhan
by asimplePWM.

HiddenMarkov modelsalsoroseto prominencein DNA
modeling,thoughthenumberof parametersmakesthemgen-
erallyunsuitableto transcriptionfactorbindingsitemodeling.
Recently, variationson Markov modelshave beenproposed,
in which somestatisticalsigni�cancetestingis usedto iden-
tify correlatedpositions,whicharethenmodeledwith amod-
i�ed low-orderMarkov modelin whichdependenciesarenot
necessarilybetweenadjacentpositions(Barashet al., 2003;
Cowell et al., 2002). In (Cowell et al., 2002), signi�cant
dependenciesare identi�ed usingmutual information. They
demonstratethesuccessof theirmodelon recombinationsig-
nalsequences,whichtypically haveahighnumberof training
examples.It is notclearif typical transcriptionfactortraining
setsarelargeenoughto reliably usethis model.Barashet al.
modeldependenciesusingtreerepresentationsandmixtures
of treerepresentations(Barashet al., 2003). They show that
thetreerepresentationsoutperformPWM andPWM mixtures
on testdatasetsusinga log-ratiometric.

Udalovaetal. (Udalovaetal., 2002)proposedaprincipal
coordinatesanalysis(PCA)basedapproach,wheresequences
of lengthn areprojectedinto (n� 1)-dimensionalspaceusing
metricscaling,suchthatthedistancebetweentwo sequences
si andsj in thehighdimensionalspaceis approximatelyequal
to thehammingdistancebetweensi andsj . Binding af�nity
is thenmodeledby linearregressionon thek largestprincipal
coordinates,which allows for reasonablyaccurateestimates
of therelativebindingaf�nities for si andsj . They reporthigh
correlationbetweenpredictedandobservedrelative af�nities
(r � 0:9) whentrainedon all datasets(comparedto PWM at
r � 0:8), thoughcorrelationsoncross-validationexperiments
waslessimpressive(0:66� r � 0:9).

The PWM model can be extendedto incorporateposi-
tion correlationsby usinga mixtureof PWMs. Informally, a
PWM-mixturemodelpartitionsthesetof bindingsequences
into k partitions,thenconstructsa PWM outof thesequences
in eachpartition. An unknown sequenceis scoredby taking
a weightedaverageover thepartitionPWMs(King andRoth,
2003;Barashetal., 2003).Recently, King andRothproposed
a modelthat takestheweightedaverageof theclassicPWM
andanextrememixture,in whicheachpartitionsizeis 1. This
modelwasshownto outperformPWM directlyandto becom-
parableto theBarashmethodrelative to thePWM (King and
Roth,2003).

In this paper, I directly comparethe threeclassicmod-
els (PWM, consensusandk-mismatch),aswell as the non-
parametricmodel proposedby King and Roth and a sim-
ple exemplarmethodthatresultsfrom usinga PWM mixture
modelwith partitionsizeof 1 andan unweightedaverageof
PWM scores.

2 Experimental Design

The modelsweretestedagainstknown bindingsitesto gage
theability of themodelsto classifynew sequencesandto pre-
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dict the relative binding af�nity . This sectiondescribesthe
detailsof themodels,thetestdata,andtheassays.

2.1 Notation

For clarity, we will follow the notationof (King and Roth,
2003). Let Sprimary = f A;C;G;Tg bethealphabetdescribing
nucleotidebases.Let B(F) = b1; : : : ;bm bethembindingsites
for sometranscriptionfactorF for whichtheaf�nity is greater
thatsomearbitrarythreshold.For simplicity, we assumethat
eachbindingsitebi = bi1 : : :bin 2 Sn

primary hasthesamewidth
n. De�ne fM (sj B0) to bethescorethatsomemodelM assigns
somesequences= s1 : : : sn 2 f A;C;G;Tgn givensomesubset
B0� B(F) of sizem0of theknown bindingsiteson which M
wastrained. For brevity, we will often use fM (s) whenthe
trainingsetis clearfrom thecontext.

2.2 Detailsof the models

2.2.1 PWM

A PWM modelMPWM is representedby a 4� n scoringma-
trix W, with rows indexed by k 2 f A;C;G;Tg andcolumns
indexed by j 2 1; : : : ;n. Each entry W(k; j) is the proba-
bility that the jth characterin a training site b 2 B0 is base
k. If af�nity datawas available for F, the contribution of
bi was weightedaccordingthe the measuredbinding af�n-
ity of F to bi . To accountfor over-trainingon small training
sets,theprobabilitieswereaugmentedto re�ect theaddition
of 1:7 countsaddedto eachcolumn j andequallydistributed
throughoutthe4 bases.Thevalue1.7 wastheoptimalvalue
computedin (King andRoth,2003)for PWMsover all their
training sets. The probability that M PWM generatesa string
s= s1 : : : sn is givenby

Pr[sjW] =
n

Õ
i= 1

W(si ; i): (1)

Let bW bethematrixof backgroundprobabilities.Then,

fPWM(sj B0) = log2

�
Pr[sjW]

Pr[sj bW]

�
: (2)

2.2.2 KR

We denotethenon-parametricmodeldescribedby King and
Roth as KR (King and Roth, 2003). A KR model M KR is
a collection of m0+ 1 weight matrices,W� ;W1;W2; : : : ;Wm0,
whereeachWi is a weightmatrix modelingmotif bi 2 B0and
W� is the weight matrix that representsall b1; : : : ;bm0 2 B0.
Each weight matrix is constructedas describedin section
2.2.1.TheprobabilitythatM KR generatesastrings= s1 : : : sn

is givenby

Pr[sjW� ;W1;W2; : : : ;Wm0] = b Pr[sjW� ]+ (1� b)
m0

å
t= 1

1
m0Pr[sjWt ]

(3)
for some0 � b � 1. Let bW bethematrixof backgroundprob-
abilities.Then,

fKR(sj B0) = log2

�
Pr[sjW� ;W1;W2; : : : ;Wm0]

Pr[sj bW]

�
: (4)

The valueof b was set to b = 0:54, re�ecting the optimal
valueobtainedin (King andRoth,2003)overall their training
sets.Settingb = 1:0 resultsis equivalentto usinga PWM.

2.2.3 Exemplars

Settingb = 0:0 for aKR modelis equivalentto requiringthat
observed motifs closely matchthe training sequences.We
refer to sucha modelasEXEMPLAR. The computationof
fEXEMPLAR(sj B0) is givenby (4), settingb = 0:0.

2.2.4 Consensus

A consensusmodelis a string c = c1 : : : cn over thealphabet
SIUPAC = f A;C;G;T;W;S;Y;R;K;M;B;D;H;V;Ng, where
each symbol ci representsa unique subsetof Sprimary =
f A;C;G;Tg. De�ne the function g : Sprimary � SIUPAC !
f 0;1g to beabinaryfunctionsuchthat

g(a;b) =
�

1 if a 2 b
0 otherwise.

Thenwecande�ne fCONS as

fCONS(sj B0) =
n

Õ
i= 1

g(si ;ci): (5)

That is, fCONS(s) = 1, if all thecharactersin s aresubsetsof
thecorrespondingcharactersin c, and0 otherwise.

Trainingc onB0wasa particularlyactiveareaof research
in the late1980's. Thesimplestmethodis to simply choose,
for eachpositioni, theIUPAC symbolthatincludesprecisely
all the ith symbolsin thetrainingsequences.We refer to the
consensusmodeltrainedunderthisnaïveapproachasCONS.

In 1992,Day andMcMorris publisheda critical compari-
sonof consensustrainingmethods.Their resultssuggestthat
the bestway to train a consensusmodel is usingwhat they
call theplurality-rule (referredto hereafterasPL). Determin-
ing ci by PL canbebrie�y summarizedasfollows(detailscan
be found in (Day andMcMorris, 1992a).De�ne P to be the
collectionof lettersof the ith characterin them0 trainingse-
quences,sortedin orderof frequencies.For example,suppose
A occurs4 times,C occurs2 times,andG andT donotoccur
at all. ThenP = (A;A;A;A;C;C). P is saidto be thepro�le
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of i. Any pro�le Q is said to be balancedif the frequency
of eachbasediffersby no morethan1 from thefrequency of
all otherbasesthat occurat leastonce. An IUPAC symbol
is representedasa balancedpro�le. Thedistanced(P;Q) be-
tweentwo pro�les is de�ned to be the countof the number
of changesnecessaryto make Q = P. PL returnsthe IUPAC
code(s)associatedwith balancedpro�les at a minimum dis-
tancefrom thegivenP (DayandMcMorris, 1992a).

2.2.5 k-mismatch

A k-mismatchmodel (KMM) is a modi�cation of the con-
sensusmodel. In it' s simplestform, theconsensussequence
c = c1 : : :cn is over the alphabetSprimary, andthe scoreof a
sequences is given by the hammingdistancebetweens and
c, normalizedby length.Thus,if we de�ne h(s1;s2) to bethe
hammingdistance(numberof mismatches)betweens1 and
s2, then

fKMM (sj B0) =
h(c;s)

n
(6)

A thresholdmaybesetat fKMM � k
n.

2.3 Data sets

A commonproblemin testingmotif modelsis de�ning agold-
standarddatasetfor which falsepositive and falsenegative
ratescanbe accuratelyassessed.Assessinga falsenegative
is straightforward, if we have con�dencein the experiment
describingthetruepositives. However, assuringthata “f alse
positive” resultis truly a falsepositiveandnot simplya bind-
ing sequencethat lay outsidethe scopeof an experimentis
more dif�cult. Here, we useresultsfrom a variety of high
throughputexperiments,eachof whichattemptsin someway
to exhaustively characterizebindingaf�nity in someway. By
usingresultsfrom differenttypesof experiments,we reduce
thepotentialfor systematicbias,thoughsuchexperimentsal-
wayshaveanunknown biasthatresultsfrom theexperiments
beingin vitro. Thedatasetsusedareasfollows.

Mnt is awell-studiedrepressorof thebacteriumSalmonella.
Thehighestaf�nity bindingsiteswerecharacterizedin
1997usingtheSELEXprocedure.Thisprocedureuses
the propertiesof competitive binding and randomse-
quencesto selectfor thoserandomsequenceswhich
areboundwith a higheraf�nity . The procedureis it-
erateduntil, with high-con�dence,thesetof sequences
are thosewith the highestbinding af�nities with the
given protein. While the protein may bind other se-
quences,thereis high con�dencethat thosesequences
will haveloweraf�nity (for areview, see(Gold,1995)).
The 62 highest-af�nity Mnt binding sitesof length17
weretakenfrom (Fieldsetal., 1997).Therelativebind-
ing af�nities werenotavailablefor this dataset.

NF-kB is a transcriptionfactor that co-regulatesgenesin-
volved with the immune response. (Udalova et al.,
2002) characterizedthe binding af�nity of the NF-
kB binding motif by recombinantp50p50homodimer
and p50p65 heterodimer. The acceptedconsensus
of GGGRNNYYCC was generalized,and the bind-
ing af�nities 52 of the 256 possiblemotifs to p50p50
andp50p65werecharacterizedusinganelectrophoretic
mobility-shift assay. The52 sequenceswerechosenin
orderto getmaximumcoverageof theconsensus.The
restof thebindingaf�nities werepredictedusingtheir
PCA model, which was shown to have a correlation
of r = 0:90 andr = 0:82 respectively for p50p50and
p50p65on leave-one-outcrossvalidation tests. Rel-
ative binding af�nities for all 256 sequencesare re-
ported on a scaleof 0–1 againstthe highestaf�nity
site. Experimentalaf�nities were normalizedagainst
thehighestaf�nity sequence,which wasgivena score
of 227(Udalovaetal., 2002).

Oct-1 is a ubiquitousDNA-binding protein in humancells.
As for NFkB, therelative bindingaf�nities of only 68
of the256sequencesmatchingtheconsensusRYKGN-
HAWY wereexperimentallycharacterized.Thesewere
characterizedusing microarray and surface plasmon
resonancetechnology. Binding af�nities werenormal-
izedagainstGTATGCAAAT, which wasgivena value
of 1000. The relative binding af�nities for all 256 se-
quenceswerepredictedasdescribedfor NFkB andre-
portedona relativescaleof 0–1(Udalovaetal., 2002).

CTF/NF1 is a protein that binds palindromic DNA as a
homodimerwith a variable-lengthspacerregion with
modelengthof 19. Rouletet al. identi�ed thehighest-
af�nity 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)(Rouletet al., 2002).

TRANSFAC is a databaseof transcriptionfactorsandtheir
binding sites(Wingenderet al., 1996). Binding sites
enteredinto the databasearegiven a con�dencelevel
basedon themethodof characterization.In their study
of Bayesiannetwork modelingof transcriptionfactor
binding sites,Barashet al. identi�ed 95 transcription
factorsfrom TRANSFAC with which to testtheirmod-
els(Barashetal., 2003).Thissamedatasetwasusedby
(King andRoth,2003)asa direct comparisonagainst
the PWM model and an indirect comparisonagainst
the Barashdata. To avoid the independenceassump-
tions inherentin the missingvalueestimationusedin
(Barashet al., 2003) and (King and Roth, 2003), we
usedonly the 54 transcriptionfactorsfor which there
werenomissingvalues.
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2.4 Metrics

To testtheability of amotif modelto accuratelyrepresentand
predictthebindingsitesof a transcriptionfactor, four metrics
wereused.Onemetricmeasurestheability of amodelto pre-
dict relative bindingaf�nities. Theothersmeasurehow well
a modelpartitionssequencesinto high-af�nity (truebinding)
andlow af�nity (non-binding)sites.For eachmetric,amodel
was trainedon somepercentagep of the availablesites. In
the robustnesstests, p was varied from 0 to 1 at 0.05 in-
crements. In eachcase,the experimentwas 7-fold cross-
validated,meaningthata differentsubsetof theavailablese-
quenceswasusedfor trainingandtheresultswerecomputed
andaveraged7 times.At eachcrossvalidationstep,themod-
els were trainedon p percentof the dataand testedon the
entiredataset.For high p, training setsbetweencrossvali-
dationstepsoverlapped.Eachmetricwasmeasuredfor each
model on all datasetsand the meanandstandarderror are
reported.

To measurethecorrelationbetweenf (s) andthereported
(relative) binding af�nity of s, the Pearsonrank correlation
betweenpredictedand reportedbinding af�nity ranks was
used.This experimentwasonly performedon theprobabilis-
tic models(PWM, EXEMPLAR and KR). The experiment
was repeatedtwo times: oncewith training on all binding
sites,andoncewith true7-fold crossvalidation,in which the
modelsaretrainedon6/7of thedataandtestedontheremain-
ing 1/7of thedata,repeated7 times.

To measurethe ability of a model to scana randomse-
quenceandreportonly truebindingsites,thefollow assaywas
developed.For eachtranscriptionfactorF, a testsetTF was
constructedsuchthatTF = B(F) [ Rn, whereRn is asetof se-
quencesover Sprimary of lengthn generatedfrom anindepen-
dentidenticaldistributionandRn [ B(F) = f . EachmodelM
wasthenaskedto scoreeachsequencein TF andreturnthetop
m= jB(F)j scoringsequences.Falsenegativeswerereported
asthepercentof s2 B(F) thatM failedto reportasatopscor-
ing sequence.Falsepositiveswerereportedasthenumberof
non-bindingsequencesreportedasasa top m sequenceper
1000non-bindingsequencesscored.For thedatasetsof Oct-1
andNFkB, which reporttherelativebindingaf�nities for ev-
erypossiblesequencematchingtheacceptedconsensus,only
thosesequenceswith a relative af�nity of at least0.5 were
countedasB(F).

In order to createa binary classi�cation of binding/non-
binding, all of the modelsexceptCONSandPL requirethe
assignmentof somethreshold.To measuretheseparationthat
thebestthresholdvaluewould yield for a giventranscription
factor, theoverlapbetweenthescoresof B(F) andRn werere-
ported.Informally, this metric is thepercentageof sequences
s2 TF whosescoref (s) is in therangeof scoresassignedto
sequencesin both B(F) and Rn. Thus, an overlapscoreof
0.0indicatesperfectseparationbetweenB(F) andRn, while a
scoreof 1.0indicatesthatB(F) andRn areindistinguishable.

3 Results

3.1 Corr elation with af�nity data

One well-known advantagefor 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). I 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 . Eachmodelthenscoredthesequences,andthemodel
scoreswerecomparedwith the(log-transformed)experimen-
tal scores.BecauseEXEMPLAR assignslow valuesto pre-
viously unseensequences,the Pearsonrank correlationwas
used. The rank correlationwas indistinguishablefrom the
standardPearsoncorrelationfor KR andPWM in all testsets
(datanot shown).

Themodelswere�rst trainedonall of thesequences,then
testedon their ability to correctlyreturn the sequenceswith
the properranks. As Table1 shows, EXEMPLAR perfectly
recreatestheranking(r = 1:0) andKR hasa nearperfectas-
signedranking(averager = 0:98),while PWM hasacorrela-
tion of r = 0:77,similarto thereportedcorrelationof r = 0:79
in (Miller andMyers,1988).

To test the ability of the modelsto generalizeto unseen
data,7-fold crossvalidationwasused,in which the models
weretrainedon (thesame)6/7 of thebindingsitesandtested
on theremaining1/7 of thebindingsites.Theprocessis iter-
ated7 time to insurethatall sitesaretested.Table1 reports
the averageand standarderror of the crossvalidation tests.
Theperformanceof all modelsdegradesunderthecrossvali-
dationtests,suchthat thethreemodelsareindistinguishable,
giventhehigh standarderrors.

Takentogether, thecorrelationtestsindicatethatKR and
EXEMPLAR do a superiorjob of representingthe training
sites,with little or no lossin generalizabilityto unseenposi-
tiveexamples.Thisis shown graphicallyin Figure1, in which
the threemodelswere trainedon 90% of the binding sites
from Oct-1 andtestedon all binding sitesfrom Oct-1. Pre-
dicted ranksare plotted on the x-axis and actual ranksare
plottedon the y-axis. The deviation to the left of the diag-
onalline indicatesthatasequencewasrankedtoohigh,while
deviation to the right of the diagnalline indicatesthat a se-
quenceswasranked too low. EXEMPLAR's performanceis
shownto benearperfectfor all but 5 extremeoutliers.These5
outliersare5 of the6 sequenceson which EXEMPLAR was
not trained. The distributionsof PWM andKR aresimilar,
thoughKR demonstratesreducedvariationaroundthediago-
nal. Thecorrelationsfor the four modelsin this exeperiment
were0.94,0.66and0.82for KR, EXEMPLAR andPWM, re-
spectively. Thesenumbersaretypical for experimentswhere
themodelsaretrainedon 90%of thebindingsitesandtested
onall of thebindingsites.
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Table1: Pearsonrankcorrelationof predictedranksversusexperimentalbindingaf�nity ranks.
Trainedonalla 7-fold crossvalidatedb

DATASET KR EXEMPLAR PWM KR EXEMPLAR PWM
Oct-1 0.98 1.00 0.77 0:70� 0:03 0:70� 0:04 0:67� 0:04

p50p50 0.97 1.00 0.80 0:67� 0:04 0:52� 0:08 0:66� 0:05
p50p65 0.98 1.00 0.74 0:70� 0:11 0:60� 0:12 0:69� 0:08

Average 0.98 1.00 0.77 0.69 0.61 0.68
aModelsweretrainedon100%of bindingsites.bModelsweretrainedon6/7of dataandtestedonremaining1/7,
repeating7 times.Averagerankedcorrelationsandstandarderrorarereported.
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Figure1: Predictedversusactualranksof Oct-1 bindingse-
quencesfor which relativebindingaf�nities wereexperimen-
tally derived (Linnell et al., 2004). Eachmodelwastrained
on a 90%of thesequences(randomlychosen),thenaskedto
scoreall of thesequences.

3.2 Classi�cation metrics

Correlationwith bindingaf�nity hasnicetheoreticalimplica-
tions.However, in practice,motif modelsaretypically usedto
scanlargesequenceswith thepurposeof identify siteswherea
proteinis likely to havesigni�cant interactionwith theDNA.
Eachmodelwas thereforetestedusing3 classi�cation met-
rics, asdescribedin section2.4. Thesemetricsaredesigned
to testamodel'sability to distinguishhighaf�nity (highprob-
ability of binding)sitesversuslow af�nity sites.

Eachmodelwasrunonthefour non-TRANSFACdatasets
describedin section2.3. Figure2 shows theresultswhenthe
modelsaretrainedonall availablesequences(A–C)or 90%of
theavailablesequences(D–F). Theperformanceof all mod-
els varieswith the dataset, the mostextremeexamplesbe-
ing CTF/NF1andMnt. CTF/NF1bindsDNA asa homod-
imer with two 4 base-pairbindingdomainsseparatedby a 19
base-pairlinker region. The majority of the binding site is,
therefore,largely subjectto geneticdrift, making modeling
with a traditionalmodeldif�cult. Only KR andEXEMPLAR
areableto modeltheCTF-NF1bindingsiteswith somerea-
sonableaccuracy, thoughKR still allows morethan30 false
positivesper 1000sequences.The simpleconsensusfor the
62 Mnt binding sequencesis NRBNYCAYNGTGRHBNN,
which generates6912 sequences.Nevertheless,all models
but PL areableto modelthebindingsiteswith highaccuracy.
Becausethesequenceis 17basepairslong,only 6912=417 se-
quenceswill matchit. PL doesnotmodelMnt well dueto the
conservative natureof thetrainingalgorithm. PL's conserva-
tivenatureis alsoseenin thereductionof falsepositiveerrors
and decreasein sensitivity relative CONSENSUS.With the
exceptionof EXEMPLAR,KR outperformstheothermodels.
Theperformanceof all modelsdegradesslightly whentrained
on 90%of thedata,but the relative ranksof themodelsstill
hold.

To test the generalizabilityof theseresults,we ran the
sametestson a set of 54 transcriptionfactorsand their re-
portedbinding sites. The siteschosencomefrom TRANS-
FACandarethoseusedin (Barashetal., 2003;King andRoth,
2003)thatdonothavemissingvalues.Figure3 showsthatthe
resultsgeneralizewell to a wide rangeof transcriptionfac-
tors.KR andEXEMPLAR consistentlyandsigni�cantly out-
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Figure2: Performanceof themodelson � vedatasets,(A–C) whentrainedon theentiredatasets,and(D–F) whentrainedon
90%of thedatasets.Errorbarsindicatestandarderrorover10replicates.
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performthe othermodelson all metrics,with the exception
that KR, EXEMPLAR and PL have indistinguishableerror
ratesper1000motifs. Thismetricis perhapsthemosttelling,
asany measurableerror is greatlyampli�ed whenscanning
several megabasesof sequence.In this metric, KR, EXEM-
PLAR andPL signi�cantly outperformPWM with a 50–60%
improvement. For KR andEXEMPLAR, this improvement
apparentlycomesatno lossin sensitivity, asmodelsbothsig-
ni�cantly outperformPWM. This is, in part, due to the ex-
perimentaldesign,which requiresthat theprobabilisticmod-
els returna setnumberof sequences.However, the overlap
metric,which measuresthe theoreticalability for a modelto
distinguishbetweenpositiveandnegativepairsgivenanopti-
mal threshold,KR andEXEMPLAR signi�cantly outperform
PWM, providing (near)perfectseparationcomparedto the
4%overlapPWM allows.

Motif modelsareusedundervarying conditions. Often
times,bindingsitesarepredictedfrom asetof co-regulatedor
homologousgenes.In thesecases,only a few trainingexam-
plesareavailable.To testtheperformanceof themotif models
whentrainedon sparsedata,theTRANSFAC datasetswere
usedandthe training sizewas titratedat 5% intervals. The
resultsaresummarizedin Figure4. KR andEXEMPLAR are
superiorto theothermodelsin all metricsexceptfalseposi-
tivesper1000motifs(mostdifferencesarestatisticallysignif-
icant at a = 0:05). KR maintainsits separationfrom PWM
whentrainedon at least50% of the binding sites. PL is the
mostselectivemetric,selectingafalsepositiveatmost2 times
out of 1000. The overlappercentagesfor PL andCONSare
off scale.

4 Discussion

The PWM hasbeenlargely embracedby the bioinformatics
community, to theextent thatnew toolsseekonly to identify
theoptimalweightmatrix. Onenew databaseof 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 perkilobasesequence.Sucha falsepositive rateis unac-
ceptablewhenscanningontheorderof megabases.A number
of researchershave recognizedthis limitation andproposed
solutions.(Barashetal., 2003;King andRoth,2003)demon-
stratethat a modestincreasein parameterscansigni�cantly
outperformthepositionweightmatrix. Theresultspresented
herereinforcethoseresults,suggestingthat the KR method
is signi�cantly betterthanPWM at classifyingunknown se-
quences,with thedifferenceincreasingasthetrainingsetbe-
comesmorecomplete.EventhesimpleEXEMPLAR method
doesno worsethanPWM on small trainingsetsandsigni�-
cantlyoutperformsPWM onnearcompletedatasets.

Thecleaninterpretationof PWM scoresasanestimateof
binding energy is an attractive property(StormoandFields,

1998; Stormo,2000), and a numberof papersreport high
correlationbetweenPWM scoresandrelative bindingaf�ni-
ties. For example, (Benoset al., 2002a)report correlation
coef�cients as high as 0.88–0.999for optimal PWMs on 3
basepair stretcheswhen using a true backgrounddistribu-
tion [using the true backgrounddistribution for the human
genome,theperformanceof all threemodelsdecreased(data
notshown); therefore,valuespresentedin thispaperarebased
on anequalprobabilitybackgroundmodel]. (Miller andMy-
ers,1988)analyzedglobalamino-acid-nucleotidefrequencies
over a numberof proteins.Usingan equalprobabilityback-
groundmodel,their predictedresultsyieldeda correlationof
0.79. Theseresultsareconsistentwith the correlationspre-
sentedhere. However, my resultsalsosuggestthat KR is a
betterpredictorof bindingaf�nity thanPWM, and,giventhe
entiresetto train on (which thepreviouspapersallowed)KR
andEXEMPLAR modelbindingaf�nities extremelywell.

In practice,it is not clearhow gooda correlationneedsto
bein ordertobeuseful.In thissense,theclassi�cationmetrics
moredirectlymeasurethepracticalability of amodelto iden-
tify potentialhighaf�nity bindingsites.Theresultspresented
heresuggestthatKR or EXEMPLAR is thepreferredmodel
to use,assuminganoptimal thresholdcanbeachieved. The-
oretically, it shouldbepossibleto learntheoptimalthreshold
for a datasetusingthe experimentalprotocolfor the overlap
metricandsettingthethresholdto re�ect a desiredfalsepos-
itive or falsenegative error rate if perfectseparationis not
possible.

New high throughputtechnologiesfor high-con�dence
af�nity characterizationareyielding a tremendousamountof
af�nity data. However, there is a disturbingtrend towards
using that data to simply make a betterPWM. The results
presentedheresuggestthat this approachlosesa signi�cant
amountof informationthat couldbe capturedby othermod-
els. While KR andEXEMPLAR arenot perfectmodels,the
fact that they signi�cantly outperformPWM suggeststhat
researchersshouldbe cautionedagainstassumingtoo much
aboutthepower of thePWM model. In thepast,thebestal-
ternativemodelshaverequiredtoomany parametersto beef-
fectively learnedon theavailabledata;however, new models
successfullyaddressthis issue,andnew af�nity characteriza-
tion technologieshave signi�cantly increasedthesizeof the
datasets.
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