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Abstract

MEME is a tool for discoveringmotifs in setsof proteinor
DNA sequences.This paperdescribesseveral extensions
to MEME which increaseits ability to find motifs in a to-
tally unsupervisedfashion,but whichalsoallow it to benefit
when prior knowledgeis available. When no background
knowledgeis asserted,MEME obtainsincreasedrobustness
from a methodfor determiningmotif widthsautomatically,
and from probabilisticmodelsthat allow motifs to be ab-
sentin someinput sequences.On the otherhand,MEME
canexploit prior knowledgeabouta motif beingpresentin
all input sequences,aboutthelengthof amotif andwhether
it is a palindrome,and(usingDirichlet mixtures)aboutex-
pectedpatternsin individual motif positions.Extensive ex-
perimentsarereportedwhichsupporttheclaim thatMEME
benefitsfrom, but doesnot require,backgroundknowledge.
TheexperimentsusesevenpreviouslystudiedDNA andpro-
tein sequencefamiliesand75 of the proteinfamiliesdocu-
mentedin thePrositedatabaseof sitesandpatterns,Release
11.1.

Intr oduction

MEME is an unsupervisedlearningalgorithm for discov-
ering motifs in setsof protein or DNA sequences.This
paperdescribesthe third version of MEME. Earlier ver-
sionswere describedpreviously (Bailey & Elkan 1994),
(Bailey & Elkan1995a).TheMEME extensionson which
thispaperfocusesaremethodsof incorporatingbackground
knowledge,or copingwith its lack. For incorporatingback-
groundknowledge,theseinnovationsincludeautomaticde-
tection of inverse-complementpalindromesin DNA se-
quencedatasets,and using Dirichlet mixture priors with
protein sequencedatasets.Dirichlet mixture priors bring
informationaboutwhich aminoacidssharecommonprop-
ertiesandthusarelikely to be interchangeablein a given
position in a protein motif. This paperalso describesa
new type of sequencemodel and a new heuristicfor au-
tomaticallydeterminingthewidth of amotif whichremove
the needfor the userto provide two typesof information.�
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Thenew sequencemodeltypeallowseacheachsequencein
the trainingsetto have exactly zeroor oneoccurrencesof
eachmotif. This typeof modelis ideally suitedto discov-
eringmultiple motifs in themajority of casesencountered
in practice.Themotif-width heuristicallows MEME to au-
tomaticallydiscover several motifs of differing, unknown
widthsin asingleDNA or proteindataset.Wealsodescribe
animprovedmethodof findingmultiple,differentmotifs in
asingledataset.

Overview of MEME
Theprincipalinput to MEME is asetof DNA or proteinse-
quences.Its principaloutputis a seriesof probabilisticse-
quencemodels,eachcorrespondingtoonemotif, whosepa-
rametershavebeenestimatedby expectationmaximization
(Dempster, Laird, & Rubin 1977). In a nutshell,MEME’s
algorithmis a combinationof� expectationmaximization(EM),� anEM-basedheuristicfor choosingthestartingpoint for

EM,� amaximumlikelihoodratio-based(LRT-based)heuristic
for determiningthe bestnumberof modelfree parame-
ters,� multistartfor searchingoverpossiblemotif widths,and� greedysearchfor findingmultiplemotifs.

OOPS,ZOOPS,and TCM models
Thedifferenttypesof sequencemodelsupportedby MEME
make differing assumptionsabout how and where mo-
tif occurrencesappearin the dataset. We call the sim-
plest model type OOPSsinceit assumesthat thereis ex-
actly one occurrenceper sequenceof the motif in the
dataset.This type of modelwas introducedby Lawrence
& Reilly (1990). This paperdescribesfor the first time a
generalizationof OOPS, calledZOOPS, whichassumeszero
or one motif occurrencesper datasetsequence. Finally,
TCM (two-componentmixture) modelsassumethat there



arezeroor morenon-overlappingoccurrencesof themotif
in each� sequencein the dataset,asdescribedby Bailey &
Elkan(1994).

Eachof thesetypesof sequencemodelconsistsof two
componentswhich model,respectively, themotif andnon-
motif (“background”)positionsin sequences.A motif is
modeledby asequenceof discreterandomvariableswhose
parametersgive 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
aremodeledby a singlediscreterandomvariable. If the
width of themotif is

�
, andthealphabetfor sequencesis���	��

�������������

, wecandescribetheparametersof thetwo
componentsof eachof the threemodel typesin the same
wayas����� ������� � ���"! � ! � !$# ����� !&% �

� '((()
*$+�, � *$+�, � *-+�, # ����� *-+�, %*-./, � *-./, � *-./, # ����� *$./, %

...
...

...
...*-0�, � *-0�, � *-0�, # ����� *10�, %
243335 �

Here,
*-6�, 7

is theprobabilityof letter 8 occurringat either
a backgroundposition (9 �;: ) or at position 9 of a mo-
tif occurrence( <>=?9@= � ),

� �
is the parametersof the

backgroundcomponentof the sequencemodel,and
� �

is
theparametersof themotif component.

Formally, theparametersof anOOPSmodelaretheletter
frequencies

�
for the backgroundandeachcolumnof the

motif, andthe width
�

of the motif. The ZOOPSmodel
typeaddsa new parameter, A , which is theprior probabil-
ity of a sequencecontaininga motif occurrence.A TCM
model,whichallowsany numberof (non-overlapping) mo-
tif occurrencesto exist within a sequence,replacesA withB

, where
B

is the prior probability that any position in a
sequenceis thestartof a motif occurrence.

DNA palindromes
A DNA palindromeis a sequencewhoseinversecomple-
ment is the sameas the original sequence.DNA binding
sitesfor proteinsareoften palindromes.MEME modelsa
DNA palindromeby constrainingtheparametersof corre-
spondingcolumnsof a motif to bethesame:

���C� '(() * +�, � * +�, # ����� *1D , # *1D , �*$E�, � *$E�, # ����� *1F�, # *1F�, �*GF�, � *1F�, # ����� *-E�, # *-E�, �* D , � * D , # ����� *$+�, # *$+�, �
24335 �

Thatis, *-+�, H � * D , %JI �LK H �*$E�, H � *1F�, %JI �LK H �

*1F�, H � * D , %JI �LK H �* D , H � * D , %JI �LK H
for M � < ���������ON �QP�R�S . The last column is an inverted
versionof thefirst column,thesecondto lastcolumnis an
invertedversionof thesecondcolumn,andsoon. As will
bedescribedbelow, MEME automaticallychooseswhether
or notto enforcethepalindromeconstraint,doingsoonly if
it improvesthevalueof theLRT-basedobjective function.

Expectationmaximization
Considersearchingfor a singlemotif in a setof sequences
by fitting oneof thethreesequencemodeltypesto it. The
datasetof T sequences,eachof length U , will bereferredto
as V �W� V � � V # ��������� VYX � . � Thereare Z � U\[ �^] <
possiblestartingpositionsfor a motif occurrencein each
sequence.Thestartingpoint(s)of theoccurrence(s)of the
motif, if any, in eachof the sequencesare unknown and
are representedby the the variables(called the “missing
information”) _ �`� _ Ha, 7Ob <c=dMe=fT � <c=g9h=fZ �
where _ Hi, 7 � < if a motif occurrencestartsin position 9
in sequenceV H , and _ Hi, 7 �^: otherwise. The userse-
lectsoneof the threetypesof modelandMEME attempts
to maximizethelikelihoodfunctionof a modelof thattype
given the data,

*kjml V b npo , where
n

is a vectorcontaining
all the parametersof the model. MEME doesthis by us-
ing EM to maximizetheexpectationof thejoint likelihood
of the modelgiven the dataand the missinginformation,*kjml V � _ b npo . This is doneiteratively by repeatingthe fol-
lowing two steps,in order, until a convergencecriterion is
met.� E-step:compute _kq Dar � squt-v w , x�y{z}| r � _ �� M-step:solven q DaI � r �@~������J~��x squt-v w , x�y{z}| r � �u��� *kjml V � _ b npo �
where

n
is a vector containingall the parametersof the

model. This processis known to converge (Dempster,
Laird,& Rubin1977)to a localmaximumof thelikelihood
function

*kj�l V b n�o .
Joint lik elihood functions. MEME assumeseach se-

quencein thetrainingsetis an independentsamplefrom a
memberof eithertheOOPS, ZOOPSor TCM modelfamilies
andusesEM to maximizeoneof the following likelihood
functions.Thelogarithmof thejoint likelihoodfor models�

It is not necessarythat all of the sequencesbe of the same
length,but this assumptionwill bemadein whatfollows in order
to simplify the expositionof the algorithm. In particular, under
thisassumption,���>����� .



of eachof thethreemodeltypesis asfollows. For anOOPS
model,� thejoint log likelihoodis�u��� *kj�l V � _ b � o� X� Hu� �\��7�� � _ Hi, 7 �u��� *kjml V H b _ Hi, 7 � < ��� o ] T ����� <Z �
For aZOOPSmodel,thejoint log likelihoodis�u��� *kjml V � _ b ��� A o� X� H�� ����7�� � _ Hi, 7 ����� *kj�l V H b _ Ha, 7 � < �/� o] X� Hu� � l <�[�� H�o �u��� *kj�l V HLb � H �e:��/� o] X� Hu� � l <�[�� H o �u��� l <�[�A o ] X� Hu� � � H �u��� B �
For aTCM model,thejoint log likelihoodis�u��� *kj�l V � _ b ��� B o� X� Hu� � ��7�� � l/l <�[�_ Ha, 7 o ����� *kj�l V Ha, 7 b � � o] _ Ha, 7 ����� *kj�l V Hi, 7mb ��� o]�l <�[�_ Ha, 7 o �u��� l <�[ B o ]el _ Hi, 7 o ����� B o �
The variable � H usedin the ZOOPSlikelihoodequationis
definedas � H ��� �7�� � _ Hi, 7 . Thus, � H � < if sequenceV H
containsa motif occurrence,and � H �h: otherwise.The
conditionalsequenceprobabilitiesfor sequencescontaining
a motif usedby OOPSandZOOPSmodelsaredefinedas�u��� *kj�l V H b _ Ha, 7 � < �/� o� % K ��¡ � ��¢ l M � 9 ]\£ o/¤ ����� ! ¡ I � ] �¡�¥�¦&§a¨ © ¢ l M � £ o/¤ �u��� ! � �
where¢ l M � 9 o is a vector-valuedindicatorvariableof lengthª � b � b

, whoseentriesareall zeroexceptthe onecorre-
spondingto the letter in sequenceV H at position 9 , V Ha, 7 .« Hi, 7 �¬� < � R �������L� 9Y[­< � 9 ]�® ��������� U � is thesetof posi-
tionsin sequenceV H whichlie outsidetheoccurrenceof the
motif whenthemotif startsat position 9 . The conditional
probabilityof asequencewithoutamotif occurrenceunder
a ZOOPSmodelis definedas*kjml V H b � H �e:��/� o �°¯±¡ � � * w §a¨ ² , � �
The conditional probability of a length-

�
subsequence

generatedaccordingto thebackgroundor motif component
of a TCM modelis definedto be�u��� *kj�l V Hi, 7 b � E o � % K³��¡ � ��¢ l M � 9 ]\£ o´¤ ����� ! ¡�µ �

where
£�¶ �¬:

if · �¬: (background),and
£�¶ � £Y] < if· � < (motif).

The E-step. The E-stepof EM calculatesthe expected
value of the missing information—theprobability that a
motif occurrencestartsin position 9 of sequenceV H . The
formulasusedby MEME for the threetypesof modelare
given below. Derivationsare given elsewhere(Bailey &
Elkan1995b).For anOOPSmodel,_ q DarHa, 7 � *kj�l V H¸b _ Ha, 7 � < �/� q Dar o� �7�� � *kj�l V H¸b _ Ha, 7 � < �/� q Dar o �
For a ZOOPSmodel,_ q DarHa, 7 � ¹ H¹ � ] � � ¡ � � ¹ ¡ � where

¹ �º� *kj�l V H¸b � H �@:��/� q Dar o l <C[»A-q Dar o � and¹ 7 � *kj�l V H b _ Hi, 7 � < ��� q Dar o B q Dar � <¼=>9½=\Z �
For a TCM model,_ q DarHi, 7 � *kjml V Ha, 7mb � q Dar� o B q Dar*kjml V Ha, 7 b � q Dar� o l <�[ B q Dar o ]�*kjml V Ha, 7 b � q Dar� o B q Dar �

The M-step. TheM-stepof EM in MEME reestimates
�

usingthefollowing formulafor modelsof all threetypes:! q DaI � r¡ �`¾ ¡ ]Q¿ ¡b ¾ ¡ ]Q¿ ¡ b �1: = £ = � � where

¾ ¡ � À¬Á�[ � %7�� � ¾ 7 if
£ �­:��� XHu� � � �7�� � _ q DarHi, 7 ¢ l M � 9 ]�£ [Â< o otherwise.

Here
¿ ¡ is a vectorof pseudo-countswhich is usedto in-

corporatebackgroundinformationinto EM aswill be de-
scribedlater, Á is thelength-

ª
vectorof totalcountsof each

letter thedataset,and
b ÃÄb

is the sumof thecomponentsof
vector

Ã
. For ZOOPSandTCM models,parametersA and

B
arereestimatedduringtheM-stepby theformulaB q DaI � r � A q DaI � rZ � <T³Z X� H�� ����7�� � _ q DarHi, 7 �
Finding multiple motifs
All threesequencemodeltypessupportedby MEME model
sequencescontaininga singlemotif (albeit a TCM model
can describesequenceswith multiple occurrences of the
same motif). To find multiple, non-overlapping,different
motifs in a singledataset,MEME usesgreedysearch.It in-
corporatesinformationaboutthemotifsalreadydiscovered
into thecurrentmodelto avoid rediscoveringthesamemo-
tif. Theprocessof discoveringonemotif is calledapassof
MEME.



Thethreesequencemodeltypesusedby MEME assume,
a prioriÅ , that motif occurrencesareequally likely at each
position 9 in sequenceV H . This translatesinto a uniform
prior probabilitydistribution on themissingdatavariables_ Ha, 7 . That is, initially, MEME assumesthat

*kj�l _ Ha, 7 �< o � B for all _ Ha, 7 . # On thesecondandsubsequentpasses,
MEME changesthis assumptionto approximatea multiple-
motif sequencemodel. A new prior on each _ Ha, 7 is used
duringtheE-stepthattakesinto accounttheprobabilitythat
a new width-

�
motif occurrencestartingat position V Hi, 7

might overlapoccurrencesof themotifs foundon previous
passesof MEME.

To helpcomputethenew prior on _ Hi, 7 weintroducevari-
ables Æ Ha, 7 where Æ Hi, 7 � < if a width-

�
motif occurrence

could startat position 9 in sequenceV H without overlap-
ping an occurrenceof a motif found on a previous pass.
OtherwiseÆ Hi, 7 �@: .Æ Hi, 7 � Ç < � if noold motifs in

� V 7 ��������� V 7 I È K � �:��
otherwise

for M � < ��������� T and 9 � < ��������� U .
To computeÆ Hi, 7 we useanothersetof binary variablesÉÊHa, 7

which encodewhich positionsin the datasetare not
containedin occurrencesof previously found motifs. So,É Ha, 7

is definedasÉ&Hi, 7 � Ç < � if V Ha, 7JËÌ previousmotif occurrence:��
otherwise

for M � < ��������� T and 9 � < ��������� Z .
As with the missinginformationvariables_ Ha, 7 , MEME

computesand storesthe expected values of the variablesÉ Ha, 7
. Before the first passof MEME, the probability thatV Hi, 7 is not alreadycontainedin a motif, theexpectedvalue

of
ÉÊHa, 7

, is set to one:
É q � rHi, 7 � < for M � < ��������� T and9 � < ��������� U . Thesevaluesare updatedafter eachpass

accordingto theformulaÉ q{Í rHi, 7 � É q{Í K � rHi, 7 l <�[ �Y~��¡ ��7 K %JI � ,{Î{Î{ÎÏ, 7 _ q DarHi, ¡ o (1)

where _ q DarHi, 7 is thefinal estimateof themissinginformation
at the end of the currentpass,Ð . Intuitively, we change
theestimateof V Ha, 7 not beingpartof somemotif by multi-
plying it by theprobabilityof it not beingcontainedin an
occurrenceof thecurrentmotif. Thisweestimateusingthe
mostprobablemotif occurrenceof the currentwidth that
wouldoverlapit. Weusethemaximumof _ q DarHa, 7 becauseoc-
currencesof the currentmotif cannotoverlapthemselves,
hencethe valuesof _ q DarHi, 7 are not independent,so the up-
perboundon theprobabilityusedhereis appropriate.TheÑ

For an OOPSmodel, �Ò�dÓ���� . For a ZOOPSmodel,�@�Ô����� .

valueof
É q{Í rHi, 7 is thenusedasthevaluefor

*kj�lÕÉ Hi, 7 � < o in
equation(2) below duringthenext pass,Ð ] < .

MEME estimatestheprobabilityof a width-
�

motif oc-
currencenot overlappingan occurrenceof any previous
motif as the minimum of the probability of eachposition
within the new motif occurrencenot beingpart of an oc-
currencefoundon a previouspass.In otherwords,MEME
estimates

*kj�l Æ Hi, 7 � < o as*kjml Æ Hi, 7 � < o � ��Öu×¡ ��7�,{Î{Î{Î{, 7 I1% K � *kjmlÕÉ Hi, ¡ � < o � (2)

Theminimumis usedbecausemotif occurrencesfoundon
previouspassesmaynotoverlap(by assumption)sotheval-
uesof

ÉÊHa, 7
arenot independent.An approximateformula

for reestimating_ Hi, 7 in theE-stepof EM which takesmo-
tifs foundonpreviouspassesinto accountandthusapprox-
imatesa multiple-motifmodelcanbeshown to beØ_ q DarHi, 7 � squt-v w , x�y{z}| r � _ Ha, 7 � *kj�l Æ Ha, 7 � < o �
MEME uses

Ø_ q DarHa, 7 in placeof _ q DarHi, 7 in theM-stepof EM and
in equation(1) above.

Usingprior knowledgeabout motif columns

Applied to modelsof the forms describedabove, the EM
methodsuffers from two problems.First, if any letter fre-
quency parameteris everestimatedto bezeroduringEM, it
remainszero.Second,if thedatasetsizeis small,themax-
imum likelihoodestimatesof the letter frequency parame-
terstendto havehighvariance.Boththeseproblemscanbe
avoidedby incorporatingprior informationaboutthepossi-
blevalueswhich theletterfrequency parameterscantake.

Using a mixture of Dirichlet densitiesasa prior in the
estimationof theparametersof a modelof biopolymerse-
quenceshasbeenproposedby Brown et al. (1993). This
approachmakessenseespeciallyfor proteinswheremany
of the20lettersin thesequencealphabethavesimilarchem-
ical properties.Motif columnswhich give high probability
to two (or more) lettersrepresentingsimilar amino acids
area priori morelikely. A Dirichlet mixturedensityhasthe
form Ù �eÚ�� Ù � ] ����� ] Ú�Û Ù Û whereÙ H isaDirichletprobabil-
ity densityfunctionwith parameterÜ q H r � l Ü q H r+ ��������� Ü q H r0 o .
A simpleDirichlet prior is the specialcaseof a Dirichlet
mixtureprior whereÝ � < .

MEME usesDirichletmixturepriorsasfollows. In theM-
step,themeanposteriorestimatesof theparametervectors! H

, M � < to
�

, arecomputedinsteadof their maximum
likelihoodestimates.Let ¾ ¡ �Ô� · + ��������� · 0 � ¤ bethevector
of expectedcountsof letters



�����������
in column

£
of themo-

tif. We will considerthis to bethe“observed” lettercounts
in column

£
of themotif. Theprobabilityof component9 in

theDirichlet mixturehaving generatedtheobservedcounts



for column
£

is calculatedusingBayesrule,*kj�l Ü q 7 r b ¾ ¡ o � Ú 7�*kj�l ¾ ¡ b Ü q 7 r o� ÛH�� � Ú H *kj�l ¾ ¡ b Ü q H r o �
If we define · � b ¾ ¡ b � � 6 ¥�Þ · 6 and ß q 7 r � b Ü q 7 r b �� 6 ¥�Þ Ü q 7 r6 , then*kj�l ¾ ¡ b Ü q 7 r o � à l · ] < o à l ß q 7 r oà l · ] ß q 7 r o ±6 ¥�Þ à l · 6C] Ü q 7 r6 oà l · 6 o à l Ü q 7 r6 o
where à l/á o is thegammafunction. We estimatethevector
of pseudo-counts

¿ ¡ ��� â ¡+ ��â ¡. ����������â ¡0 � ¤ asâ ¡6 � Û�7�� � *kjml Ü q 7 r b ¾ ¡ o Ü q 7 r6 � 8 Ì �ã�
Themeanposteriorestimateof theletterprobabilities

! ¡ is
then ! q DaI � r¡ � ¾ ¡ ]Q¿ ¡b ¾ ¡ ]Q¿ ¡ b
for
£ � < to

�
. This givestheBayesestimateof the let-

ter probabilitiesfor column
£

of the motif and is usedto
reestimate

�
in theM-step.

Brownet al. (1993)havepublishedseveralDirichletmix-
ture densitiesthat model well the underlyingprobability
distribution of the letter frequenciesobserved in multiple
alignmentsof proteinsequences.Theexperimentsreported
in this paperuseeithertheir 30-componentDirichlet mix-
tureprior or a 1-componentprior whereÜ q � r is just theav-
erageletterfrequenciesin thedataset.

Determining the number of model fr eeparameters
The numberof free parametersin a model of any of the
MEME sequencemodeltypesdependson thewidth of the
motif and on whetheror not the DNA palindromecon-
straintsare in force. Whenthe width of the motifs is not
specifiedby theuserand/orwhenMEME is askedto check
for DNA palindromes,MEME choosesthe numberof free
parametersto useby optimizinga heuristicfunctionbased
on themaximumlikelihoodratio test(LRT).

TheLRT is baseduponthefollowing fact(Kendall,Stu-
art, & Ord 1983). Supposewe successively apply con-
straints ä � ��������� äæå to a modelwith parameters

n
and letn q å r be the maximumlikelihoodestimatorof

n
when all

constraintsä ����������� ä å havebeenapplied.Then,undercer-
tainconditions,theasymptoticdistributionof thestatisticç # � R ����� *kj�l V b n�o*kjml V b n q å r o
is central ç # with degreesof freedomequal to the num-
berof independentconstraintsuponparametersimposedbyä � ��������� äæå .

MEME usesthe LRT in an unusualway to computea
measureof statisticalsignificancefor a single model by
comparingit to a “universal”null model. Thenull model
is designedto be the simplestpossiblemodel of a given
type. Let

n
be the parametersof a model discoveredby

MEME usingEM. Then,
n

is the maximumlikelihoodes-
timate(MLE) for theparametersof themodel.è Likewise,
let
n �

bethemaximumlikelihoodestimatefor theparame-
tersof thenull model. Sinceboth

n
and
n �

aremaximum
likelihoodestimates,the LRT canbe appliedto thesetwo
models. At somesignificancelevel between

:
and < , the

LRT would rejectthenull modelin favor of themorecom-
plicatedmodel. We define UÄÝêé l n�o to bethis significance
level, so UëÝãé l n�o � � l ç # b ì�o � where� l ç # b ì�oÊí � l 8 # o � 8 # � l ç # P ì�o ��î è [ l <�[ #ïñð oò ROP�lió ì�o
(Abramowitz & Stegun 1972). � l 8 # o is the � function
for the standardnormaldistribution (i.e., sizeof the right
tail), and

ì
is thedifferencebetweenthenumberof freepa-

rametersin the modelusedwith EM andthe null model.
Thereare

ª [ô< free parametersper columnof
�
, so the

differencein free parametersis
ì � �cl ª [c< o for all

threemodeltypes. If theDNA palindromeconstraintsare
in force, half the parametersin

���
areno longer free andì � lõ�QP�R o l ª [Â< o .

To computethevalueof UÄÝêé l n�o we needvaluesof the
likelihoodfunctionsfor thegivenandnull modelsandthe
differencein thenumberof freeparametersbetweenthem.
For thelikelihoodof thegivenmodel,MEME usesthevalue
of the joint likelihoodfunctionmaximizedby EM. For the
null model,it is easyto show thatthemaximumlikelihood
estimatehasall columnsdescribingmotif andbackground
positionsequalto ö whereö �÷� ø + ���������/ø 0 � ¤ is thevector
of averageletter frequenciesin thedataset.The log likeli-
hoodof thenull modelis����� *kj�l V b n � o � T U �6 ¥�Þ ø 6 �u���Äø 6 �
ThecriterionfunctionwhichMEME minimizesisù l n�o � UÄÝêé l n�o ��î ð �
This criterion is relatedto the Bonferroniheuristic(Seber
1984)for correctingsignificancelevelswhenmultiple hy-
pothesesaretestedtogether. Supposewe only want to ac-
ceptthehypothesisthat

n
is superiorif it is superiorto ev-

erymodelwith fewerdegreesof freedom.Thereare
ì

suchú
WeoverlookthepossibilitythatEM convergedto alocalmax-

imum of the likelihoodfunction. We notealsothat û is actually
themeanposteriorestimateof theparameters,not theMLE, when
a prior is used.In practice,thevalueof thelikelihoodfunctionatû is closeto thevalueat theMLE.



modelsso the Bonferroniadjustmentheuristicsuggeststo
replaceü UëÝêé l n�o by UÄÝêé l npo�ì . The function

ù l´á o
applies

a muchhigherpenaltyfor additionalfree parametersand
yieldsmotif widthsmuchcloserto thosechosenby human
expertsthaneither UÄÝêé l n�o or UÄÝêé l n�o/ì .
The MEME algorithm
The completeMEME algorithm is sketchedbelow. The
numberof passesandmaximumand minimum valuesof
motif widths to try are input by the user. If the model
type being usedis OOPS, the inner loop is iteratedonly
oncesince

B
is not relevant. For a ZOOPSmodel,

B � H X �< P�l Z ý T o and
B � +L6 � < P Z . For a TCM model,

B � H X �< P�l Z ý T o and
B � +L6 � < P�lõ�þ] < o . The dynamicpro-

grammingimplementationof theinnerloop,theEM-based
heuristic for choosinga good value of

� q � r as a starting
point for EM, andthealgorithmsfor shorteningmotifs and
applyingtheDNA palindromeconstraintsareomittedhere
due to spacelimitations. They are describedin a longer
versionof this paper(Bailey & Elkan 1995b). The time
complexity of MEME is roughlyquadraticin thesizeof the
dataset.

procedure MEME ( V : datasetof sequences)
for Ð 
�ÿ�ÿã� < to Ð 
�ÿ�ÿ � +L6 do

for
� � � � H X to

� � +L6 by � ý R do
for
B q � r � B � H X to

B � +L6 by �
R

do
Choosegood

� q � r given
�

and
B q � r .

RunEM to convergencefrom chosen
valueof

n q � r � l � q � r � B q � r � � o .
Removeoutercolumnsof motif
and/orapplypalindromeconstraints
to maximize

ù l n�o
.

end
end
Reportmodelwhichmaximizes

ù l n�o
.

Updateprior probabilities
É Hi, 7

to
approximatemultiple-motifmodel.

end
end

Measuring performance
We measuredtheperformanceof themotifs discoveredby
MEME by usingthefinal sequencemodeloutputaftereach
passof asa classifier. Theparameters,

n
, of thesequence

model discovered on a particular passare converted by
MEME into a log-oddsscoringmatrix U �

and a thresh-
old � where U � 6�, 7 � �u��� l Ð 6�, 7 P Ð 6�, � o for 9 � < ��������� �
and 8 Ì � , and �

�Ò�u��� l/l <k[ B o P B o . Thescoringmatrix
andthresholdwasusedto scorethesequencesin a testset
of sequencesfor which thepositionsof motif occurrences
areknown. Eachsubsequencewhosescoreusing U �

asa
position-dependentscoringmatrix exceedsthe threshold�
is considereda hit. For eachknown motif in the testset,

name type N L
�

sites
proven total

lip protein 5 182 16 5 5
5 5

hth protein 30 239 18 30 30
farn protein 5 380 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 datasetsused in developing
MEME showing sequencetype,numberof sequences(N),
averagesequencelength(L), andmotif width (W). Proven
siteshave beenshown to be occurrencesof the motif by
laboratoryexperiment(footprinting,mutagenesis,or struc-
turalanalysis).Total sitesincludetheprovensitesandsites
reportedin theliteraturebasedprimarily onsequencesimi-
larity with known sites.

thepositionsof thehits werecomparedto thepositionsof
the known occurrences.The numberof true positive (tp),
falsepositive (fp), truenegative (tn) andfalsenegative (fn)
hits was tallied. From these,recall

�
� Ð P�l � Ð ] ¹ T o and

precision
�

� Ð P�l � Ð ] ¹ Ð o werecomputed.
We alsocalculatedthe receiver operatingcharacteristic

(ROC)(Swets1988)of theMEME motifs. TheROC statis-
tic is the integral of the ROC curve, which plots the true
positive proportion, � Ð�Ð � recall

�
� Ð P�l � Ð ] ¹ T o , versus

the falsepositive proportion, ¹ Ð�Ð � ¹ Ð P�l ¹ Ð ] � T o . The
ROC statisticwascalculatedby scoringall thepositionsin
the testsetusingthe log-oddsmatrix, U �

, sortingthepo-
sitionsby score,andthennumericallyintegrating � Ð�Ð over¹ Ð�Ð usingthetrapezoidrule.

MEME motifs which wereshiftedversionsof a known
motif weredetectedby shifting all the known motif posi-
tionsleft or right thesamenumberof positionsandrepeat-
ing theabovecalculationsof recall,precisionandROC.All
shiftssuchthatall predictedoccurrencesoverlaptheknown
occurrences(by exactly thesameamount)weretried. The
performancevaluesreportedare thosefor the best shift.
For datasetswith multiple known motifs, recall, precision
andROC werecalculatedseparatelyfor eachknown motif
usingeachof the sequencemodelsdiscoveredduring the
passesof MEME.

Experimental datasets
We studiedthe performanceof MEME on a numberof

datasetswith differentcharacteristics.Sevendatasetswhich



quantity mean (sd)
sequencesperdataset 34 (36)
datasetsize 12945 (11922)
sequencelength 386 (306)
shortestsequence 256 (180)
longestsequence 841 (585)
patternwidth 12.45 (5.42)

Table2: Overview of the75 Prositedatasets.Eachdataset
containsall protein sequencesin SWISS-PROT (Release
11.1)annotatedin thePrositedatabaseastruepositivesor
falsenegativesfor thePrositepatterncharacterizingagiven
family. Datasetsize and sequencelength count the total
numberof aminoacidsin theproteinsequence(s).

were usedin the developmentof MEME are summarized
in Table1. Another75 datasetseachconsistingof all the
membersof a Prositefamily aresummarizedin Table2.

Developmentdatasets.Theproteindatasetslip, hth,and
farn,werecreatedbyLawrenceet al. (1993)andusedto test
theirGibbssamplingalgorithm.Verybriefly, thelip dataset
containsthefive mostdivergentlipocalinswith known 3D
structure.They containtwo known motifs, eachoccurring
once in eachsequence.The hth proteinscontainDNA-
binding featuresinvolved in generegulation. The farn
datasetcontainsisoprenyl-protein transferases,eachwith
multipleappearancesof threemotifs.

The E. coli DNA datasets,crp, lex andcrplex, arede-
scribedin detail in (Bailey & Elkan 1995a). The crp se-
quencescontainbindingsitesfor CRP(Lawrence& Reilly
1990), while the lex sequencescontainbinding sites for
LexA; the crplex datasetis the union of the crp and lex
datasets. The E. coli promoter datasethrp (Harley &
Reynolds1987)containsa singlemotif which consistsof
two submotifswith a varyingnumberof positions(usually
about17)betweenthem.

Prositedatasets.The 75 Prositefamilies describedin
generaltermsin Table2 correspondapproximatelyto the
10% of fixed-widthPrositepatternswith worst combined
(summed)recall andprecision.Fixed-widthpatternssuch
as D-[SGN]-D-P-[LIVM]-D-[LIVMC] are a proper
subsetof the patternsexpressibleby MEME motifs, and
they form a majority in Prosite. Recallandprecisionfor
Prositepatternsandfor correspondingMEME motifs were
calculatedusinginformationin the Prositedatabaseabout
matchesfoundwhensearchingthelarge(36000sequence)
SWISS-PROT Release11.1 databaseof protein sequences
(Bairoch1994).

Performanceof different model types
Table3 shows theROC motifs foundby MEME in thede-
velopmentdatasetswhen MEME was run with the motif
width setat

� =÷< :�: for 5 passes.Thefirst linesfor each

of the threemodeltypesshows theperformanceof MEME
without backgroundinformation—DNA palindromeswere
notsearchedfor andtheone-componentDirichlet prior was
used.Asexpected,theZOOPSmodeltypeoutperformsboth
the OOPSand TCM model typeson thosedatasetswhich
conformto theZOOPSassumptions,asseenfromthehigher
valuesof ROCfor theZOOPSmodeltype(line 4) compared
with theOOPSmodeltype(line 1) for datasetshrp andcr-
plex in Table3. Accuracy is not sacrificedwhenall of the
sequencescontaina motif occurrence:theperformancesof
theOOPSandZOOPSmodeltypesarevirtually identicalon
thefirst fourdatasets.TheTCM modeltypeoutperformsthe
othertwo modeltypeson thefarndatasetwhosesequences
containmultipleoccurrencesof multiplemotifs.

For comparison,the last line in Table3 shows the per-
formanceof themotifsdiscoveredusingtheGibbssampler
(Lawrenceet al. 1993). The conditionsof the testswere
madeascloseaspossibleto thosefor the MEME testsus-
ing the OOPSmodel type, except that the Gibbs sampler
was told the correct width of the motifs sinceit requiresthe
userto specificy thewidth of all motifs. With eachProsite
dataset,theGibbssamplerwastold to searchfor 5 motifs,
eachof thewidth of thePrositesignaturefor thefamily, and
thateachsequencecontainedoneoccurrenceof eachmotif.
It wasrunwith 100independentstarts(10timesthedefault)
to maximizeits chancesof finding goodmotifs. Note that
wedidnot tell eithertheGibbssampleror MEME how many
occurrencesof a particularmotif a particularsequencehas
aswasdonein (Lawrenceet al. 1993).

The ROC of the MEME motifs found usingthe ZOOPS
modeltypewithout backgroundinformationis asgoodor
better than that of the samplermotifs for five of seven
datasets.The MEME motifs found usingthe OOPSmodel
typeperformaswell or betterthanthosefoundby theGibbs
samplerwith four of the seven datasets.Note onceagain
that the Gibbs samplerwas told the correctmotif widths
to use,whereasMEME wasnot. MEME usingthe ZOOPS
modeltypedoessignificantlybetterthantheGibbssampler
on thetwo ZOOPS-likedatasets.

The benefitof background knowledge

The efficacy of using the DNA palindromebias and the
Dirichlet mixture prior canbe seenin Table3. ROC im-
provesin 9 outof 21casesandstaysthesamewith another
5. Theimprovementsaresubstantialin thecaseof theleast
constrainedmodel type, TCM. For five of seven datasets,
usingthebackgroundinformationresultsin themodelwith
thebestor equal-bestoverallROC.

The LRT-basedheuristicdoesa good job at selecting
the “right” width for the motifs in the seven non-Prosite
datasets,especiallywhentheDNA palindromeor Dirichlet
mixtureprior backgroundinformationis used.Thewidths
of the bestmotifs found by MEME areshown in Table4.



model dataset
type OOPS-like ZOOPS-like 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 thebestmotif discoveredby MEME for all known motifs containedin dataset.HighestROC for
eachdatasetis printedin boldfacetype.Blankfieldsindicatethatthemodeltypeis notapplicableto thedataset.

dataset
OOPS-like ZOOPS-like TCM-like

crp lex hth lip hrp crplex farn
known width 20 20 18 16 16 29 20 20 12 12 12
OOPS 15 18 15 5 6 46 29 18 7 9 10
OOPSPAL 16 16 46 24 24
OOPSDMIX 18 7 6 8 16 11
ZOOPS 15 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 12 10 7 10
TCM PAL 16 9 29 20 11
TCM DMIX 11 7 7 11 7 8

Table4: Width of thebestmotif discoveredby MEME for all known motifs containedin dataset.Blank fields indicatethat
themodeltypeis not applicableto thedataset.A width in boldfaceindicatesthat this modeltypehasthebestaverageROC
for thisdataset.
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Figure1: ThepasswhereMEME finds theknown Prosite
motif is shown. MEME wasrun for five passesusingthe
OOPSmodel without any backgroundinformation. ‘?’
meanstheknownmotif(s)werenotfoundby MEME within
fivepasses.

With backgroundinformation and the model type appro-
priate to the dataset,the motif widths chosenby MEME
are closeto the correctwidths with the exceptionof the
lip dataset.Thatdatasetis extremelysmallandthemotifs
arefaint, which explainswhy MEME underestimatestheir
widths.

Performanceon the Prositedatasets
MEME doesanexcellentjob of discoveringthePrositemo-
tifs in training setsconsistingof entire families. This is
truewith boththeOOPSandZOOPSmodeltypesandwith
or without the backgroundinformation provided by the
Dirichlet mixtureprior. For 91%of the75Prositefamilies,
oneof the motifs found by MEME run for five passesus-
ing theOOPSmodeltypeandthesimpleprior corresponds
to theknownPrositesignature(i.e., identifiesthesamesites
in thedataset).MEME findsmultipleknownmotifs in many
of thePrositefamilies.Thecriterionweusefor sayingthat
a MEME motif identifiesa known Prositepatternis that it
have ROC of at least0.99. MEME usually discovers the
known motifsonearlypasses,asshown in Figure1.

Of the 75 Prositefamilies we studied,45 significantly
overlap other families. We definesignificantoverlap to
meantwo families sharefive or more sequencesin com-
mon. If we includethemotifs containedin theseoverlap-
ping families,thereare135known motifspresentin the75
Prositefamily datasets.Whenrun for 5 passesusing the
OOPSmodel type with the simple Dirichlet prior, MEME
discovers112 of theseknown motifs. The ZOOPSmodel
type doesbetter, discovering117 of the 135 motifs. With

theDirichlet mixtureprior, MEME doesevenbetter, discov-
ering 119 out of 135 known motifs usingeitherthe OOPS
or ZOOPSmodeltypes.

Small improvementsare seen in the performanceof
MEME motifs discoveredin the Prositedatasetswhenthe
Dirichlet mixture prior is used. This is especiallytrue for
thedatasetscontainingfew (under20) sequences.For the
36 Prositedatasetswe usedwhich meetthis criterion and
would thusbe mostlikely to benefitfrom the background
informationcontainedin theDirichletmixtureprior, theim-
provementin ROCis statisticallysignificantat the5%level
for the OOPSmodeltypeaccordingto a pairedt-test. The
motifsdiscoveredusingtheZOOPSmodeltypeareslightly
superiorto thosefound with the OOPSmodel type. Ta-
ble 5 shows theaverageperformanceresultson theProsite
datasetswhen MEME is run for five passeswith various
modeltypes,with or without Dirichlet priors,andrequired
to choosethemotif width in therange
½= � =÷< :�: . The
performancevaluesarefor all 135known motifscontained
in the 75 datasets,asdescribedabove. The differencein
ROC betweentheOOPSandZOOPSmodeltypeswhenthe
simpleDirichlet prior is usedis significantat the5% level.
WhentheDirichlet mixtureprior is used,thedifferencein
ROC betweenthe two modeltypesis not statisticallysig-
nificant.For bothmodeltypes,whetheror not theDirichlet
mixture prior is useddoesnot make a statisticallysignifi-
cantdifferencein theROCof thediscoveredmotifs.

The MEME motifs are extremelysimilar to the Prosite
signatures.In general,they identifyalmostexactlythesame
positionsin thesequencesin thefamilies.This factcanbe
seenin Table5 from thehigh ROC, relative width closeto
1, andsmallshift of theMEME motifs.

Generalization

Cross-validationexperimentsshow that themotifs discov-
eredby MEME on the Prositedatasetscanbe expectedto
correctlyidentify new membersof theproteinfamilies.Ta-
ble 6 shows the resultsof 2-fold cross-validationexperi-
mentsonthe75PrositefamiliesusingMEME andtheGibbs
sampler. The first two lines of the tableshow the results
whenMEME is forcedto choosethemotif width. Theper-
formanceof the OOPSmodel type is slightly better than
that of the ZOOPSmodel type (ROC betterat 5% signifi-
cancelevel). Performanceis betterif MEME is givenback-
groundinformationin theform of beingtold a goodwidth
(
� � R :

), asseenin the third line in Table6. Thenthe
generalizationperformance(cross-validatedROC) of the
MEME motifs is betterthan that of samplermotifs at the
5% significancelevel. In theseexperiments,both MEME
andthe Gibbssamplerwereallowed to generateonly one
motif per training set. The Gibbssamplerwas instructed
to usemotif width

� � R :
and250(25 timesthedefault)

independentstartsto ensurethatthetwo algorithmsgotap-



model type ROC recall precision relative width shift
OOPS 0.991 (0.025) 0.805 (0.356) 0.751 (0.328) 1.297 (0.753) -0.978 (5.608)
OOPSDMIX 0.992 (0.031) 0.815 (0.349) 0.758 (0.325) 1.210 (0.677) -0.637 (5.337)
ZOOPS 0.992 (0.024) 0.823 (0.335) 0.775 (0.307) 1.307 (0.774) -0.696 (5.575)
ZOOPSDMIX 0.993 (0.026) 0.821 (0.340) 0.768 (0.314) 1.220 (0.715) -0.585 (4.890)

Table5: Average(standarddeviation) performanceandwidth of bestmotifs foundby MEME in the75 Prositedatasets.All
135known motifscontainedin thedatasetsareconsidered.

model type ROC recall precision relative width
OOPSDMIX

� =ô< :�: 0.971 (0.065) 0.738 (0.288) 0.725 (0.310) 1.170 (0.840)
ZOOPSDMIX ,

� = < :�: 0.960 (0.090) 0.728 (0.305) 0.699 (0.327) 1.141 (0.815)
OOPSDMIX ,

� � R :
0.987 (0.029) 0.820 (0.211) 0.840 (0.228) 1.896 (0.785)

OOPSGIBBS,
� � R :

0.980 (0.053) 0.781 (0.242) 0.884 (0.169) 1.896 (0.785)

Table6: Average(standarddeviation) two-fold cross-validatedperformanceof MEME and the Gibbssampleron the 75
Prositefamilies.Thetrainingsetconsistedof half of thesequencesin a givenfamily. Thetestsetconsistedof theotherhalf
plushalf of the36000sequencesin SWISS-PROT Release11.1.

proximatelythesamenumberof CPUcycles. Theperfor-
mancefiguresin Table6 arebasedon the numberof hits
scoredon sequencesin SWISS-PROT known to be in the
family, anddo not requirethehit to beatany particularpo-
sition within thesequence.We useda thresholdof 18 bits
for determiningif scoreswerehits.

A directcomparisonof thepredictedgeneralizationper-
formanceof motifsdiscoveredby learningalgorithmssuch
as MEME and the Gibbs samplerwith that of the Prosite
signaturesis not possible.ThePrositesignatureswerecre-
atedby handandcannoteasilybecross-validated,so their
generalizationperformanceis notknown. However, theav-
erageperformanceof the Prositesignatureson their own
training sets, ROC

��:�� ó�ó
l :�� : R o
, is thesameasthecross-

validated performance of the MEME OOPS-modelmotifs
found whenthe algorithmis given a hint aboutthe width
of the motifs. This is impressive sincethe MEME motifs
werelearnedfrom only half of themembersof thefamilies
sothecross-validatedROCis likely to beanunderestimate
of the actualROC of the motifs. The non-cross-validated
estimateof the Prositesignatureperformanceis likely to
overestimatetheiractualperformanceonnew sequences.
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