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Abstract

MEME is atool for discosreringmotifs in setsof proteinor
DNA sequences.This paperdescribesseveral extensions
to MEME which increaseits ability to find motifs in a to-
tally unsupervisediashion but which alsoallow it to benefit
when prior knowledgeis available. When no background
knowledgeis assertedVIEME obtainsincreasedohustness
from a methodfor determiningmotif widths automatically
and from probabilisticmodelsthat allow motifs to be ab-
sentin someinput sequencesOn the otherhand, MEME
canexploit prior knowledgeabouta motif beingpresentn
all inputsequencesboutthelengthof a motif andwhether
it is a palindrome,and(using Dirichlet mixtures)aboutex-
pectedpatternsn individual motif positions. Extensve ex-
perimentsarereportedwhich supportthe claim thatMEME
benefitsfrom, but doesnot require,backgroundknowledge.
Theexperimentsusesevenpreviously studiedDNA andpro-
tein sequencdamiliesand 75 of the proteinfamiliesdocu-
mentedn the Prositedatabasef sitesandpatternsRelease
11.1.

Intr oduction

MEME is an unsupervisedearningalgorithm for discor-
ering motifs in setsof proteinor DNA sequences.This
paperdescribesthe third version of MEME. Earlier ver
sionswere describedpreviously (Bailey & Elkan 1994),
(Bailey & Elkan1995a). The MEME extensionson which
thispaperfocusesaremethodsf incorporatingpbackground
knowledge or copingwith its lack. For incorporatingback-
groundknowledge thesennovationsincludeautomatiae-
tection of inverse-complemenpalindromesin DNA se-
quencedatasetsand using Dirichlet mixture priors with
protein sequencealatasets. Dirichlet mixture priors bring
informationaboutwhich aminoacidssharecommonprop-
ertiesandthusarelikely to be interchangeabl& a given
positionin a protein motif. This paperalso describesa
new type of sequencenodeland a new heuristicfor au-
tomaticallydetermininghewidth of a motif whichremove
the needfor the userto provide two typesof information.
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Thenew sequencenodeltypeallowseacheachsequencen
thetraining setto have exactly zeroor oneoccurrence®f
eachmotif. This type of modelis ideally suitedto discov-
ering multiple motifs in the majority of casesncountered
in practice.The motif-width heuristicallows MEME to au-
tomatically discover several motifs of differing, unknowvn
widthsin asingleDNA or proteindatasetWe alsodescribe
animprovedmethodof finding multiple, differentmotifsin
asingledataset.

Overview of MEME

Theprincipalinputto MEME is asetof DNA or proteinse-
quenceslts principal outputis a seriesof probabilisticse-
quencanodels gachcorrespondingo onemotif, whosepa-
rameterdiave beenestimatedy expectatiormaximization
(DempsterLaird, & Rubin1977). In a nutshell, MEME's
algorithmis a combinationof

e expectatiormaximization(EM),

¢ anEM-basedeuristicfor choosinghe startingpoint for
EM,

¢ amaximumlikelihoodratio-basedLRT-basedheuristic
for determiningthe bestnumberof modelfree parame-
ters,

e multistartfor searchingver possiblemotif widths,and
¢ greedysearchor finding multiple motifs.

OOPS,Z0O0PS,and TCM models

Thedifferenttypesof sequencenodelsupportedy MEME
make differing assumptionsabout hov and where mo-
tif occurrencesappearin the dataset. We call the sim-
plestmodel type OOPSsinceit assumeghat thereis ex-
actly one occurrenceper sequenceof the motif in the
dataset. This type of modelwasintroducedby Lawrence
& Reilly (1990). This paperdescribedor the first time a
generalizatiorof OOPS calledzOOPS whichassumegero
or one motif occurrencesper datasetsequence. Finally,
TCM (two-componenimixture) modelsassumethat there



arezeroor morenon-overlappingoccurrencesf the motif
in eachsequencén the datasetasdescribedoy Bailey &
Elkan(1994).

Eachof thesetypesof sequencenodel consistsof two
componentsvhich model,respectiely, the motif andnon-
motif (“background”)positionsin sequencesA motif is
modeledby a sequencef discreterandomvariablesvhose
parametergive the probabilitiesof eachof the different
letters(4 in the caseof DNA, 20 in the caseof proteins)
occurringin eachof thedifferentpositionsin anoccurrence
of the motif. The backgroundpositionsin the sequences
are modeledby a single discreterandomvariable. If the
width of the motif is W, andthe alphabefor sequences
L =a,...,z}, wecandescribeheparametersf thetwo
component®f eachof the threemodeltypesin the same
way as

0=[6 61 ]=[Po P1 P2 Pw ]
Pa,O Pa,l Pa,2 .. Pa,W
Bo By B2 ... Bw
Pz,O Pz,l Pz,2 Pz,W

Here, P, ; is the probability of letter z occurringat either
a backgroundposition(j = 0) or at positionj of a mo-
tif occurrencgl < j < W), 6§, is the parameter®f the
backgroundcomponenbf the sequencenodel,and ¢ is
the parametersf the motif component.

Formally, the parametersf anOOPSmodelaretheletter
frequencied for the backgroundand eachcolumn of the
motif, andthe width W of the motif. The zOOPSmodel
type addsa new parametery, which is the prior probabil-
ity of a sequenceontaininga motif occurrence.A TCM
model,which allows ary numberof (non-overlapping mo-
tif occurrenceso exist within a sequencereplacesy with
A, where ) is the prior probability that ary positionin a
sequencés the startof a motif occurrence.

DNA palindromes

A DNA palindromeis a sequencavhoseinversecomple-
mentis the sameasthe original sequence DNA binding
sitesfor proteinsare often palindromes.MEME modelsa
DNA palindromeby constraininghe parametersf corre-
spondingcolumnsof a motif to bethesame:

Pa,l Pa,2 Pt,2 Pt,l
0. — P,y FPo ... Pyo Py,
. P,y Py» ... P., P.;
B, P, ... Poo Py,
Thatis,
P.i = Powii—i,
Pc,i = Pg,W—i—l—ia

Pyi = Piwii—i,
P, = Powyi—

fori = 1,...,|W/2]. Thelastcolumnis aninverted
versionof thefirst column,the secondo lastcolumnis an
invertedversionof thesecondcolumn,andsoon. As will

be describedelon, MEME automaticallychoosesvhether
or notto enforcethe palindromeconstraintdoingsoonly if

it improvesthevalueof the LRT-basedbjectie function.

Expectation maximization

Considersearchingor a singlemotif in a setof sequences
by fitting oneof thethreesequencenodeltypesto it. The
datasebf n sequencesachof lengthL, will bereferredto
asX = {X1,Xs,...,X,}.t Therearem = L - W +1
possiblestarting positionsfor a motif occurrencen each
sequenceThe startingpoint(s)of the occurrence(spf the
motif, if ary, in eachof the sequencegre unknovn and
are representedy the the variables(called the “missing
information”) Z = {Z;;|]1 < i < n,1 < j < m}
whereZ; ; = 1 if amotif occurrencestartsin position j
in sequenceX;, and Z; ; = 0 otherwise. The userse-
lectsone of the threetypesof modeland MEME attempts
to maximizethelik elihoodfunctionof a modelof thattype
giventhe data, Pr(X|¢), where¢ is a vector containing
all the parameter®f the model. MEME doesthis by us-
ing EM to maximizethe expectationof thejoint likelihood
of the model given the dataand the missinginformation,
Pr(X, Z|¢). Thisis doneiteratively by repeatinghe fol-
lowing two steps,in order, until a corvergencecriterionis
met.

¢ E-step:compute

zO= E [2
(Z|1X,91)

e M-step:solve

) = argmax E

[log Pr(X, Z|¢)]
o (Z1X,00)

where ¢ is a vector containingall the parameterf the
model. This processis known to corverge (Dempster
Laird, & Rubin1977)to alocal maximumof thelikelihood
function Pr(X|¢).

Joint lik elihood functions. MEME assumeseach se-
guencen thetraining setis anindependensamplefrom a
membeiof eitherthe OOPS ZOOPSor TCM modelfamilies
andusesEM to maximizeone of the following likelihood
functions. Thelogarithmof thejoint likelihoodfor models

L1t is not necessaryhat all of the sequencebe of the same
length,but this assumptiorwill be madein whatfollows in order
to simplify the expositionof the algorithm. In particular under
thisassumptionA = y/m.



of eachof thethreemodeltypesis asfollows. For anOOPS
model,thejoint log likelihoodis

log Pr(X, Z|0)

n m

1
ZZZM log Pr(X;|Z;; = 1,6) + nlog —.

i=1 j=1
For azoOPsSmodel,thejoint log likelihoodis
log Pr(X, Z|0,~)
n m
Z Z Zi,j log PT‘(X,'ZZ’] = ]., 0)

i=1 j—l

+Z (1-Q
+Z 1-Q +ZQzlog/\
i=1

For aTCM model,thejoint log likelihoodis
logPr(X Z|t9 A)

- > >

i=1 j=1

+Zi’j IOgPT(Xi,jwl)

+(1 — Zz"j) IOg(]. - /\) + (Zi,j) log )\)
The variable@; usedin the ZOOPSlikelihoodequationis
definedasQ); = E;.":l Z; ;. Thus,Q; = 1 if sequenceX;
containsa motif occurrenceand@; = 0 otherwise. The

conditionalsequencerobabilitiesfor sequencesontaining
amotif usedby OOPSandZzOOPSmodelsaredefinedas

log PT(X,'Zz’] = 1, (9)

Q;)log Pr(X;|Q; = 0,6)

i) log(l —~

Z;,5) log Pr(X;,;|60)

WwW-1
> 16,5+ k) logpers + Y 1(i, k)" log po,
k=0 keA,;

wherel(i, j) is avectorvaluedindicatorvariableof length
A = |L], whoseentriesareall zeroexceptthe onecorre-
spondingto the letterin sequenceX; at positionj, X; ;.

A;; ={1,2,...,j—1,j +w,...,L} is the setof posi-
tionsin sequenceX; whichlie outsidetheoccurrencef the
motif whenthe motif startsat positionj. The conditional
probabilityof a sequencavithouta motif occurrenceinder
azooPsSmodelis definedas

L

Pr(Xi|Q:i =0,0) = [[ Px, .0-
k=1

The conditional probability of a lengthd¥ subsequence
generatedccordingo the backgroundr motif component
of aTCM modelis definedto be
w-1

1(i,j + k)" log pa,
k=0

log Pr(Xi;l0.) =

wherek’ = 0 if ¢ = 0 (background)andk’ = k + 1 if
¢ = 1 (motif).

The E-step. The E-stepof EM calculateshe expected
value of the missing information—theprobability that a
motif occurrencestartsin position;j of sequenceX;. The
formulasusedby MEME for the threetypesof modelare
given belov. Derivationsare given elsavhere (Bailey &
Elkan1995b).For anOOPSmodel,

PT(X,LlZZ’] = 1,0(t))
ey Pr(X;1Z,,; = 1,60)

()
Z;

For azOOPSmodel,

W — _ fi
- f0+22n:1 flc7

where

fo = Pr(X;|Q:=0,00)1-~®), and
fj = PT‘(X,'Z,,J = 1,0(t)))\(t), 1 S] <m.
ForaTCM model,
70 _ Pr(X; ;10{)A®
Zis Pr(Xoy 07) (1~ AD) 1 Pr(X;; BN

The M-step. The M-stepof EM in MEME reestimate$
usingthefollowing formulafor modelsof all threetypes:

(t+)) _ Sk +d , 0 <k < W, where

B ek 4+ di
t—>1, ¢ if k=0,
C =
* D 2o Z(t)I(z j+k—1) otherwise.

Hered,, is a vectorof pseudo-countwhich is usedto in-
corporatebackgroundnformationinto EM aswill be de-
scribedater; t is thelength-A vectorof total countsof each
letter the datasetand|x| is the sumof the component®f
vectorx. For ZOOPSandTCM models parameters and
arereestimatediuringthe M-stepby theformula

’7(t+1) 1 n m

_ (t)
T 2 G

i=1 j=1

A+ —

Finding multiple motifs

All threesequencenodeltypessupportedby MEME model
sequencesontaininga single motif (albeita TCM model
can describesequencesvith multiple occurrences of the
same motif). To find multiple, non-overlapping,different
motifsin asingledatasetMEME usesgreedysearchlt in-
corporatesnformationaboutthe motifs alreadydiscovered
into the currentmodelto avoid rediscaoeringthe samemo-
tif. Theprocesof discoreringonemaotif is calleda passof
MEME.



Thethreesequencenodeltypesusedby MEME assume,
a priori, thatmotif occurrencesre equallylikely at each
positionj in sequenceX;. This translatednto a uniform
prior probability distribution on the missingdatavariables
Z; ;. Thatis, initially, MEME assumeshat Pr(Z;; =
1) = Xforall Z; ;> Onthesecondandsubsequernpasses,
MEME changeshis assumptiorio approximatea multiple-
motif sequencenodel. A new prior on eachZ; ; is used
duringthe E-stepthattakesinto accountheprobabilitythat
a new width-W motif occurrencestartingat position Xj; ;
might overlapoccurrencesf the motifs foundon previous
passe®f MEME.

To helpcomputethenew prior on Z; ; weintroducevari-
ablesV; ; whereV; ; = 1 if awidth-W motif occurrence
could startat positionj in sequenceX; without overlap-
ping an occurrenceof a motif found on a previous pass.
OtherwiseV; ; = 0.

V. = 1, if noold motifsin [Xj, ..., Xjtw—1]
bl 0, otherwise

fori=1,...,nandj =1,..., L.

To computeV; ; we useanothersetof binary variables
U;,; which encodewhich positionsin the datasetare not
containedin occurrence®f previously found motifs. So,
U,,; is definedas

1, if X; ; & previousmotif occurrence
Uij = i
0, otherwise
fori=1,...,nandj=1,...,m

As with the missinginformationvariablesZ; ;, MEME
computesand storesthe expected values of the variables
U,,;. Beforethe first passof MEME, the probability that
X;,; is not alreadycontainedn a motif, theexpecteok/alue

of U,], is setto one: U(O) = 1fori = 1,...,n and
j= , L. Thesevaluesareupdatedaftereachpass
accordlngo theformula

Ui(,’}) = Ui(,l;_l)(l_ max Zf,tlz) (1)

k=j—W+1,....j

WhereZ(J) is the final estimateof the missinginformation
at the end of the currentpass,p. Intuitively, we change
the estimateof X; ; notbeingpartof somemotif by multi-

plying it by the probability of it not beingcontainedn an
occurrencef thecurrentmotif. This we estimateausingthe
most probablemotif occurrenceof the currentwidth that
would overlapit. We usethe maximumof Z; ) pecausec-

currencef the currentmotif cannotoverlapthemseles

hencethe valuesof Z(J) are not independentso the up-
perboundon the probability usedhereis appropriate The

2For an OOPSmodel, A\ = 1/m. For a ZOOPSmodel,
A= vy/m.

valueof U(”) is thenusedasthevaluefor Pr(U; ; = 1) in
equatlor(Z) belown duringthenext passp + 1.

MEME estimateghe probability of a width-W motif oc-
currencenot overlappingan occurrenceof any previous
motif asthe minimum of the probability of eachposition
within the newv motif occurrencenot being part of an oc-
currencefound on a previous pass.In otherwords, MEME
estimatedr(V;; = 1) as

Pr(Vi;=1) = k:j..‘?l}ﬂw_l

Pr(Uir=1). (2)
Theminimumis usedbecausenotif occurrence$soundon
previouspassesnaynotoverlap(by assumptionyotheval-
uesof U; ; arenotindependentAn approximatgformula
for reestimatingZ; ; in the E-stepof EM which takesmo-
tifs foundon previouspasseto accountandthusapprox-
imatesa multiple-motif modelcanbe shavn to be

“{? = E [Zi]Pr(Vi; =1).
(Z X,6®)

MEME usesZ, ") in placeof Z{") in the M-stepof EM and
in equatlor(l) abo/e.

Usingprior knowledgeabout motif columns

Applied to modelsof the forms describedabore, the EM
methodsuffersfrom two problems.First, if ary letterfre-
queng parameteis everestimatedo bezeroduringEM, it
remainszero. Secondjf thedatasesizeis small,the max-
imum likelihoodestimatesf the letter frequeny parame-
terstendto have high variance Boththeseproblemscanbe
avoidedby incorporatingprior informationaboutthe possi-
ble valueswhichtheletterfrequeny parametersantake.

Using a mixture of Dirichlet densitiesasa prior in the
estimationof the parametersf a modelof biopolymerse-
quenceshasbeenproposedoy Brown et al. (1993). This
approachmakessenseespeciallyfor proteinswheremary
of the20lettersin thesequencalphabehave similarchem-
ical properties Motif columnswhich give high probability
to two (or more) lettersrepresentingsimilar amino acids
areapriori morelikely. A Dirichlet mixturedensityhasthe
formp = 1 p1+. . .4+qrpr Wherep; isaDirichletprobabil-
ity densityfunctionwith parametep® = (8{”,. .., 8.
A simple Dirichlet prior is the specialcaseof a Dirichlet
mixtureprior whereR = 1.

MEME usedDirichlet mixturepriorsasfollows. In theM-
step,the meanposteriorestimate®f the parametevectors
pPi, ¢ = 1 to W, arecomputednsteadof their maximum
likelihoodestimatesLet c;, = [c,,---,c;]T bethevector
of expecteccountsof lettersa, . . ., z in columnk of themo-
tif. We will considetthisto bethe“obsened” lettercounts
in columnk of themotif. Theprobabilityof componenj in
theDirichlet mixturehaving generatedhe obsenedcounts



for columnk is calculatedusingBayesrule,

q; Pr(c|89)
S aiPr(cy|B®)

Ca andbp(® = |ﬂ(])| =

Pr(fPlex) =

If we definec = |ex| = >
Y ower B then

rel

T(c+ 1T (W) 0 T(c, + BY)
e+ e T(e)T(8)

whereT'(-) is thegammafunction. We estimatethe vector
of pseudo-countd;, = [d¥,df,...,d*T as

Pr(ck|9)

R
di = > Pr(fYWcy)BY), x € L.

j=1

Themeanposteriorestimateof theletterprobabilitiespy, is
then
(t+1) _ €k +dg
Py =T 1 a
lck + dy|
for k = 1 to W. This givesthe Bayesestimateof the let-
ter probabilitiesfor column k of the motif andis usedto
reestimate in the M-step.

Brownet al. (1993)havepublishedsereralDirichlet mix-
ture densitiesthat model well the underlying probability
distribution of the letter frequenciesobsened in multiple
alignmentsof proteinsequenceslTheexperimentgeported
in this paperuseeithertheir 30-componenbDirichlet mix-
ture prior or a 1-componenprior where3(!) is justthe av-
eragdetterfrequenciesn thedataset.

Determining the number of model freeparameters

The numberof free parametersn a model of ary of the
MEME sequencenodeltypesdependson the width of the
motif and on whetheror not the DNA palindromecon-
straintsarein force. Whenthe width of the motifs is not
specifiedby the userand/orwhenMEME is askedto check
for DNA palindromesMEME chooseghe numberof free
parameter$o useby optimizing a heuristicfunctionbased
onthemaximumlikelihoodratio test(LRT).

TheLRT is baseduponthefollowing fact(Kendall,Stu-
art, & Ord 1983). Supposewe successiely apply con-
straintsCy, ..., Cs to a modelwith parametergp and let
#(s) be the maximumlikelihood estimatorof ¢ whenall
constraints’, . .., Cs have beenapplied.Then,undercer
tain conditions the asymptotiadistribution of the statistic

Pr(X|¢)
2
x° =2log ————~
Pr(X|¢s))
is centralx? with degreesof freedomequalto the num-

berof independentonstraintsiponparametersmposecby
Ci,y...,Cs.

MEME usesthe LRT in an unusualway to computea
measureof statisticalsignificancefor a single model by
comparingit to a“universal’null model. The null model
is designedo be the simplestpossiblemodel of a given
type. Let ¢ be the parameter®f a model discoreredby
MEME usingEM. Then, ¢ is the maximumlik elihood es-
timate(MLE) for the parametersf themodel? Likewise,
let g9 bethe maximumlikelihoodestimatefor the parame-
tersof the null model. Sinceboth ¢ and ¢, aremaximum
likelihoodestimatesthe LRT canbe appliedto thesetwo
models. At somesignificancelevel betweend and1, the
LRT would rejectthe null modelin favor of themorecom-
plicatedmodel. We define LRT'(¢) to bethis significance
level, so

LRT(¢) = Q(2|v), where

o -1-2)
5/(9v)

(Abramawitz & Stegun 1972). Q(z-2) is the @) function
for the standarchormal distribution (i.e., size of the right
tail), andv is thedifferencebetweerthe numberof free pa-
rametersn the modelusedwith EM andthe null model.
Thereare A — 1 free parameterper columnof 6, sothe
differencein free parameterss v = W(A — 1) for all
threemodeltypes. If the DNA palindromeconstraintsare
in force, half the parametersn 6, areno longerfree and
v=(W/2)(A-1).

To computethevalueof LRT (¢) we needvaluesof the
likelihoodfunctionsfor the givenandnull modelsandthe
differencein the numberof free parameterbetweerthem.
Forthelikelihoodof thegivenmodel MEME useghevalue
of thejoint likelihoodfunctionmaximizedby EM. For the
null model,it is easyto shav thatthe maximumlik elihood
estimatehasall columnsdescribingmotif andbackground
positionsequalto x4 wherep = [u,, - - ., u,]7 isthevector
of averageletter frequenciesn the dataset.Thelog likeli-
hoodof thenull modelis

log Pr(X|go) = nL)_ o log .
zeLl

QU IY) = Q(a2), 2=

Thecriterionfunctionwhich MEME minimizesis
G(¢) = LRT(¢)"/".

This criterionis relatedto the Bonferroniheuristic(Seber
1984)for correctingsignificancdevels whenmultiple hy-
pothesesretestedtogether Supposeave only wantto ac-
ceptthe hypothesighat ¢ is superiorif it is superiorto ev-
ery modelwith fewerdegreesof freedom.Therearer such

3WeoverlookthepossibilitythatEM corvemjedto alocalmax-
imum of the likelihoodfunction. We notealsothat ¢ is actually
themeanposteriorestimateof theparametersyottheMLE, when
aprior is used.In practice the valueof thelikelihoodfunctionat
¢ is closeto thevalueatthe MLE.



modelsso the Bonferroniadjustmenheuristicsuggestso
replaceLRT (¢) by LRT(¢)v. ThefunctionG(-) applies
a much higher penaltyfor additionalfree parametersand
yields motif widths muchcloserto thosechoserby human
expertsthaneitherLRT'(¢) or LRT (¢)v.

The MEME algorithm

The completeMEME algorithm is sketchedbelov. The
numberof passesand maximumand minimum valuesof

motif widths to try are input by the user If the model
type being usedis OOPS the inner loop is iteratedonly

oncesince is notrelevant. For azooPSmodel, A\ in =

1/(m+y/n) andAp,q; = 1/m. ForaTCM model, Ayin, =

1/(my/n) and Ape = 1/(W + 1). The dynamicpro-
grammingimplementatiorof theinnerloop, the EM-based
heuristicfor choosinga good value of (%) as a starting
pointfor EM, andthe algorithmsfor shorteningmotifs and
applyingthe DNA palindromeconstraintsareomittedhere
dueto spacelimitations. They are describedn a longer
versionof this paper(Bailey & Elkan 1995b). The time

complity of MEME is roughlyquadratidn thesizeof the
dataset.

procedure MEME ( X: datasebf sequencey
for pass = 1t0 passyq, do
for W = Wiin 10 Winae by x+/2 do
for M0 = \,in 10 Amaz by X2 do
Choosegoodd©® given™ andA(©®).
RunEM to corvergencefrom chosen
valueof ¢(® = (60 A0 1),
Remave outercolumnsof motif
and/orapply palindromeconstraints
to maximizeG(¢).
end
end
Reportmodelwhich maximizesG(¢).
Updateprior probabilitiesU; ; to
approximatamultiple-motif model.
end
end

Measuring performance

We measuredhe performanceof the motifs discoseredby
MEME by usingthefinal sequencenodeloutputaftereach
passof asa classifier The parametersy, of the sequence
model discovered on a particular passare corverted by
MEME into a log-oddsscoringmatrix LO and a thresh-
old t whereLO,,; = log(pg,;j/pzo) for j = 1,..., W
andz € £, andt = log((1 — A)/A). The scoringmatrix
andthresholdwasusedto scorethe sequencem atestset
of sequencefor which the positionsof motif occurrences
areknown. EachsubsequencehosescoreusingLO asa
position-dependergcoringmatrix exceedsthe thresholdt
is considered hit. For eachknown motif in the testset,

name | type N L | W sites
proven | total
lip protein 5182 16 5 5
5 5
hth protein| 30| 239 | 18 30 30
farn protein 51380 12 0 30
0 26
0 28
crp DNA 18 | 105| 20 18 24
lex DNA 16 | 200 | 20 11 21
crplex | DNA 34| 150 20 18 25
11 21
hrp DNA 231 | 58| 29 231 | 231

Table 1: Overview of the datasetsusedin developing
MEME shawving sequenceype, numberof sequencefN),
averagesequencéength(L), andmotif width (W). Proven
siteshave beenshawn to be occurrence®f the motif by
laboratoryexperiment(footprinting, mutagenesisr struc-
turalanalysis).Total sitesincludethe provensitesandsites
reportedn theliteraturebasedorimarily on sequencsimi-
larity with known sites.

the positionsof the hits werecomparedo the positionsof
the known occurrences.The numberof true positive (tp),
falsepositive (fp), true negative (tn) andfalsenegative (fn)
hits wastallied. From these,recall= tp/(tp + fn) and
precision= tp/(tp + fp) werecomputed.

We also calculatedthe recever operatingcharacteristic
(ROC) (Swets1988)of the MEME maotifs. The ROC statis-
tic is the integral of the ROC curve, which plots the true
positive proportion,tpp = recall = tp/(tp + fn), versus
the falsepositive proportion, fpp = fp/(fp + tn). The
ROC statisticwascalculatedoy scoringall the positionsin
thetestsetusingthe log-oddsmatrix, O, sortingthe po-
sitionsby score,andthennumericallyintegratingtpp over
fpp usingthetrapezoidule.

MEME motifs which were shifted versionsof a known
motif were detectedoy shifting all the known motif posi-
tionsleft or right the samenumberof positionsandrepeat-
ing theabove calculationof recall,precisionrandROC. All
shiftssuchthatall predictedoccurrencesverlaptheknown
occurrencegby exactly the sameamount)weretried. The
performancevaluesreportedare thosefor the best shift.
For datasetsvith multiple known motifs, recall, precision
andROC werecalculatedseparatelfor eachknown motif
using eachof the sequencenodelsdiscoveredduring the
passesf MEME.

Experimental datasets

We studiedthe performanceof MEME on a numberof
datasetsvith differentcharacteristicsSevendatasetsvhich



quantity mean (sd)
sequenceperdataset 34 (36)
datasesize 12945 (11922)
sequencéength 386 (306)
shortessequence 256 (180)
longestsequence 841 (585)
patternwidth 12.45 (5.42)

Table2: Overview of the 75 PrositedatasetsEachdataset
containsall protein sequencein SWISS-PRT (Release
11.1)annotatedn the Prositedatabas@strue positvesor
falsenegativesfor the Prositepatterncharacterizinggiven
family. Datasetsize and sequencdength countthe total
numberof aminoacidsin the proteinsequence(s).

were usedin the developmentof MEME are summarized
in Tablel. Another75 dataset®achconsistingof all the
memberf a Prositefamily aresummarizedn Table2.

Developmentdatasets Theproteindatasetsip, hth,and
farn,werecreatedy Lawrenceet al. (1993)andusedo test
their Gibbssamplingalgorithm.Very briefly, thelip dataset
containsthe five mostdivergentlipocalinswith known 3D
structure.They containtwo known motifs, eachoccurring
oncein eachsequence. The hth proteinscontain DNA-
binding featuresinvolved in generegulation. The farn
datasetcontainsisopreryl-protein transferaseseachwith
multiple appearancesf threemotifs.

The E. coli DNA datasetsgrp, lex and crplex, arede-
scribedin detailin (Bailey & Elkan 1995a). The crp se-
quencegontainbindingsitesfor CRP(Lawrence& Reilly
1990), while the lex sequencesontain binding sites for
LexA; the crplex datasetis the union of the crp and lex
datasets. The E. coli promoterdatasethrp (Harley &
Reynolds 1987) containsa single motif which consistsof
two submaotifswith a varyingnumberof positions(usually
aboutl7) betweerthem.

Prositedatasets. The 75 Prositefamilies describedin
generaltermsin Table 2 correspondapproximatelyto the
10% of fixed-width Prositepatternswith worst combined
(summedYyecall and precision. Fixed-width patternssuch
asD-[SGN -D-P-[LIVM - D[ LI VMC] are a proper
subsetof the patternsexpressibleby MEME maotifs, and
they form a majority in Prosite. Recalland precisionfor
Prositepatternsandfor correspondindEME motifs were
calculatedusinginformationin the Prositedatabasabout
matchefoundwhensearchinghe large (36000sequence)
SWISS-PROT Releasell.l databaseof protein sequences
(Bairoch1994).

Performanceof different modeltypes

Table 3 showvs the ROC motifs found by MEME in the de-
velopmentdatasetasvhen MEME was run with the motif
width setat W < 100 for 5 passesThefirst linesfor each

of the threemodeltypesshaws the performanceof MEME
without backgroundnformation—DNA palindromeswvere
notsearchedor andtheone-componeririchlet prior was
used.As expectedthezOOPSmodeltypeoutperformsoth
the OOPSand TCM modeltypeson thosedatasetsvhich
conformto thezOOPSassumptionsasseerfromthehigher
valuesof ROCfor thezOOPSmodeltype(line 4) compared
with the OOPSmodeltype (line 1) for datasetsirp andcr-
plex in Table3. Accurag is not sacrificedwhenall of the
seguencesontaina motif occurrencethe performancesf
theOOPSandzOOPSmodeltypesarevirtually identicalon
thefirstfour datasetsThe TCM modeltypeoutperformshe
othertwo modeltypesonthefarndatasetvhosesequences
containmultiple occurrencesf multiple motifs.

For comparisonthe lastline in Table 3 shaws the per
formanceof the motifs discoveredusingthe Gibbssampler
(Lawrenceet al. 1993). The conditionsof the testswere
madeas closeaspossibleto thosefor the MEME testsus-
ing the OOPSmModeltype, exceptthat the Gibbs sampler
was told the correct width of the motifs sinceit requireshe
userto specifiy the width of all motifs. With eachProsite
datasetthe Gibbssamplemwastold to searchfor 5 motifs,
eachof thewidth of the Prositesignatureor thefamily, and
thateachsequenceontainedneoccurrencef eachmotif.
It wasrunwith 100independengtarts(10timesthedefault)
to maximizeits chance®f finding goodmotifs. Note that
wedid not tell eithertheGibbssampleior MEME how mary
occurrencesf a particularmotif a particularsequencéas
aswasdonein (Lawrenceet al. 1993).

The ROC of the MEME motifs found usingthe ZOOPS
modeltype without backgroundnformationis asgood or
better than that of the samplermotifs for five of seven
datasets.The MEME motifs found usingthe OOPSmodel
typeperformaswell or betterthanthosefoundby the Gibbs
samplerwith four of the seven datasets.Note onceagain
that the Gibbs samplerwas told the correctmotif widths
to use,whereasMEME wasnot. MEME usingthe ZOOPS
modeltypedoessignificantlybetterthanthe Gibbssampler
onthetwo ZOOPSlike datasets.

The benefitof background knowledge

The efficagy of usingthe DNA palindromebias and the
Dirichlet mixture prior canbe seenin Table3. ROC im-
provesin 9 out of 21 casesandstaysthe samewith another
5. Theimprovementsaresubstantiain the caseof theleast
constrainednodel type, TCM. For five of seven datasets,
usingthebackgroundnformationresultsin the modelwith
thebestor equal-besbverall ROC.

The LRT-basedheuristicdoesa good job at selecting
the “right” width for the motifs in the seven non-Prosite
datasetsgspeciallywhenthe DNA palindromeor Dirichlet
mixture prior backgroundnformationis used. The widths
of the bestmotifs found by MEME are showvn in Table 4.



model dataset
type OOPSlike ZOOPsSlike TCM-like
crp lex hth lip hrp crplex farn

OOPS 0.9798 0.9998 0.9979 1.0000| 0.9123 0.9615| 0.9446
OOPSPAL 0.9792 1.0000 0.9123 0.9565
OOPSDMIX 1.0000 1.0000 0.9336
ZOOPS 0.9798 0.9999 0.9992 1.0000| 0.9244 0.9881| 0.9112
ZOOPSPAL 0.9792 1.0000 0.9244 0.9867
ZOOPSDMIX 1.0000 1.0000 0.9324
TCM 0.9240 0.9895 0.9888 0.9842| 0.8772 0.9764| 0.9707
TCM_PAL 0.9786 0.9811 0.8772 0.9792
TCM_DMIX 0.9841 0.9952 0.9880
OOPSGIBBS | 0.9709 1.0000 1.0000 0.9999| 0.8881 0.9672| 0.9291

Table3: AverageROC of the bestmotif discoreredby MEME for all known motifs containedn dataset.HighestROC for
eachdatasets printedin boldfacetype. Blankfieldsindicatethatthe modeltypeis not applicableto the dataset.

dataset
OOPSlike ZOOPSlike TCM-like
crp lex hth lip hrp  crplex farn
known width 20| 20| 18|16 16| 29|20 20|12 12 12
OOPS 151 18| 15| 5 6| 46|29 18| 7 9 10
OOPSPAL 16| 16 46 | 24 24
OOPSDMIX 18| 7 6 8 16 11
ZOOPS 151 18| 21| 5 6| 46|21 18|12 12 9
ZOOPSPAL 16 | 16 46 | 22 20
ZOOPSDMIX 18 7 6 7 8 12
TCM 11} 11| 10| 8 8| 29|21 1210 7 10
TCM_PAL 16| 9 29|20 11
TCM_DMIX 11| 7 7 11 7 8

Table4: Width of the bestmotif discoreredby MEME for all known motifs containedn dataset.Blank fieldsindicatethat
themodeltypeis not applicableto the datasetA width in boldfaceindicatesthatthis modeltype hasthe bestaverageROC
for this dataset.
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Figurel: The passwhereMEME findsthe known Prosite
motif is shavn. MEME wasrun for five passeasingthe
OOPS model without arny backgroundinformation. ‘?’
meangheknown motif(s)werenotfoundby MEME within
five passes.

With backgroundnformation and the model type appro-
priate to the dataset,the motif widths chosenby MEME
are closeto the correctwidths with the exceptionof the
lip dataset.Thatdataseis extremelysmall andthe motifs
arefaint, which explainswhy MEME underestimatetheir
widths.

Performanceon the Prositedatasets

MEME doesanexcellentjob of discoveringthe Prositemo-
tifs in training setsconsistingof entire families. This is
true with boththe OOPSandzOOPSmodeltypesandwith
or without the backgroundinformation provided by the
Dirichlet mixture prior. For 91%of the 75 Prositefamilies,
one of the motifs found by MEME run for five passesis-
ing the OOPSmModeltype andthe simpleprior corresponds
totheknown Prositesignaturd(i.e.,identifiesthesamesites
in thedataset) MEME findsmultiple known motifsin mary
of the Prositefamilies. The criterionwe usefor sayingthat
a MEME motif identifiesa known Prositepatternis thatit
have ROC of at least0.99. MEME usually discosersthe
known motifs on earlypassesasshavn in Figurel.

Of the 75 Prositefamilies we studied,45 significantly
overlap other families. We define significant overlap to
meantwo families sharefive or more sequencein com-
mon. If we includethe motifs containedn theseoverlap-
ping families,thereare135known motifs presenin the 75
Prositefamily datasets.Whenrun for 5 passeaisingthe
OOPSmodeltype with the simple Dirichlet prior, MEME
discovers 112 of theseknown motifs. The ZOOPSmodel
type doesbetter discovering 117 of the 135 motifs. With

theDirichlet mixtureprior, MEME doesevenbetter discor-
ering 119 out of 135 known motifs using eitherthe OOPS
or ZOOPSmodeltypes.

Small improvementsare seenin the performanceof
MEME motifs discoveredin the Prositedatasetsvhenthe
Dirichlet mixture prior is used. This is especiallytrue for
the datasetgsontainingfew (under20) sequencesFor the
36 Prositedatasetsve usedwhich meetthis criterionand
would thusbe mostlikely to benefitfrom the background
informationcontainedn theDirichlet mixtureprior, theim-
provemenin ROCis statisticallysignificantatthe5%level
for the OOPSmModeltype accordingto a pairedt-test. The
motifs discoveredusingthe ZOOPSmodeltype areslightly
superiorto thosefound with the OOPSmodel type. Ta-
ble 5 shavs the averageperformanceaesultson the Prosite
datasetsvhen MEME is run for five passeswith various
modeltypes,with or without Dirichlet priors,andrequired
to choosethe motif width in theranges < W < 100. The
performancevaluesarefor all 135known motifs contained
in the 75 datasetsas describedabove. The differencein
ROC betweerthe OOPSandzOOPSmodeltypeswhenthe
simpleDirichlet prior is usedis significantat the 5% level.
Whenthe Dirichlet mixture prior is used the differencen
ROC betweenthe two modeltypesis not statisticallysig-
nificant. For bothmodeltypes,whetheror notthe Dirichlet
mixture prior is useddoesnot make a statisticallysignifi-
cantdifferencan the ROC of the discoreredmaotifs.

The MEME maotifs are extremely similar to the Prosite
signaturesln generalthey identify almostexactlythesame
positionsin the sequencem thefamilies. This factcanbe
seenin Table5 from the high ROC, relative width closeto
1, andsmallshift of the MEME maotifs.

Generalization

Cross-alidationexperimentsshav that the motifs discov-
eredby MEME on the Prositedatasetanbe expectedto
correctlyidentify new memberof the proteinfamilies. Ta-
ble 6 shows the resultsof 2-fold cross-walidation experi-
mentsonthe75PrositefamiliesusingMEME andtheGibbs
sampler The first two lines of the table shav the results
whenMEME is forcedto choosehe motif width. The per
formanceof the OOPSmodeltype is slightly betterthan
that of the ZOOPSmodeltype (ROC betterat 5% signifi-
cancedevel). Performancés betterif MEME is givenback-
groundinformationin theform of beingtold a goodwidth
(W = 20), asseenin thethird line in Table6. Thenthe
generalizatiorperformance(cross-wlidatedROC) of the
MEME motifs is betterthanthat of samplermotifs at the
5% significancelevel. In theseexperimentsboth MEME
andthe Gibbssamplerwereallowedto generateonly one
motif pertraining set. The Gibbs samplerwasinstructed
to usemotif width W = 20 and250 (25 timesthe default)
independenstartsto ensurehatthetwo algorithmsgotap-



precision

relative width

shift

0.751 (0.328)
0.758 (0.325)

1.297 (0.753)
1.210 (0.677)

-0.978 (5.608)
-0.637 (5.337)

mode type ROC recall

OOPS 0.991 (0.025)| 0.805 (0.356)
OOPSDMIX 0.992 (0.031)| 0.815 (0.349)
ZOOPS 0.992 (0.024)| 0.823 (0.335)
ZOOPSDMIX || 0.993 (0.026) | 0.821 (0.340)

0.775 (0.307)
0.768 (0.314)

1.307 (0.774)
1.220 (0.715)

-0.696 (5.575)
-0.585 (4.890)

Table5: Average(standarddeviation) performanceindwidth of bestmotifs foundby MEME in the 75 PrositedatasetsAll

135known motifs containedn thedatasetsreconsidered.

model type ROC recall precision relative width

OOPSDMIX W < 100 0.971 (0.065)| 0.738 (0.288)| 0.725 (0.310)| 1.170 (0.840)
ZOOPSDMIX, W < 100 || 0.960 (0.090)| 0.728 (0.305)| 0.699 (0.327)| 1.141 (0.815)
OOPSDMIX, W = 20 0.987 (0.029)| 0.820 (0.211)| 0.840 (0.228)| 1.896 (0.785)
OOPSGIBBS, W = 20 0.980 (0.053)| 0.781 (0.242)| 0.884 (0.169)| 1.896 (0.785)

Table 6;: Average(standarddeviation) two-fold cross-alidatedperformanceof MEME and the Gibbs sampleron the 75
Prositefamilies. The training setconsistedf half of the sequencem a givenfamily. Thetestsetconsistedf the otherhalf

plushalf of the 36000sequenceim SWISS-PRT Releasd 1.1.

proximatelythe samenumberof CPU cycles. The perfor
mancefiguresin Table 6 are basedon the numberof hits
scoredon sequencesm SWISS-PRT known to bein the
family, anddo not requirethe hit to be atany particularpo-
sition within the sequenceWe useda thresholdof 18 bits
for determiningf scoreswerehits.

A directcomparisorof the predictedgeneralizatiorper
formanceof motifs discoseredby learningalgorithmssuch
as MEME and the Gibbs samplerwith that of the Prosite
signaturess not possible.The Prositesignaturesverecre-
atedby handandcannoteasilybe cross-alidated,so their
generalizationperformancés notknown. However, the av-
erageperformanceof the Prositesignatureson their own
training sets, ROC = 0.99(0.02), is the sameasthe cross-
validated performance of the MEME OOPSmodel motifs
found whenthe algorithmis given a hint aboutthe width
of the motifs. This is impressie sincethe MEME motifs
werelearnedrom only half of the memberf thefamilies
sothecross-alidatedROC is likely to beanunderestimate
of the actualROC of the motifs. The non-cross-alidated
estimateof the Prositesignatureperformancas likely to
overestimateheir actualperformancen new sequences.
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