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Abstract
MEME
is a tool for discoveringmotifs in sets of protein or
DNA
sequences.This paper describes several extensionsto
MEME
whichincreaseits ability to find motifs in a totally
unsupervised
fashion,but whichalso allowit to benefit when
prior knowledgeis available. Whenno backgroundknowledgeis asserted, MEME
obtains increasedrobustnessfroma
methodfor determiningmotif widthsautomatically,andfrom
pmbabilisticmodelsthat allow motifs to be absent in some
input sequences.Onthe other hand, MEME
can exploit prior
knowledge
abouta motifbeingpresentin all input sequences,
aboutthe length of a motif andwhetherit is a palindrome,
and(usingDirichletmixtures)aboutexpectedpatterns in individualmotif positions. Extensiveexperiments
are reported
whichsupportthe claim that MEME
benefits from, but does
not require, backgroundknowledge.The experimentsuse
sevenpreviously studied DNA
and protein sequencefamilies and75of the protein familiesdocumented
in the Prosite
databaseof sites andpatterns, ReleaseI I.I.
Introduction
MEME
is an unsupervised learning algorithm for discovering motifs in sets of protein or DNAsequences. This
paper describes the third version of MEME.
Earlier versions were described previously (Bailey & EIkan 1994),
(Bailey & Elkan 1995a). The MEME
extensions on which
this paper focuses are methodsof incorporating background
knowledge,or coping with its lack. For incorporating background knowledge,these innovations include automatic detection of inverse-complement palindromes in DNAsequence datasets, and using Dirichlet mixture priors with
protein sequence datasets. Dirichlet mixture priors bring
information about which amino acids share commonproperties and thus are likely to be interchangeable in a given
position in a protein motif. This paper also describes a
new type of sequence modeland a new heuristic for automatically determining the width of a motif which remove
the need for the user to provide two types of information.
The new sequence model type allows each each sequence
in the training set to haveexactly zero or one occurrencesof
each motif. This type of modelis ideally suited to discovering multiple motifs in the majority of cases encountered
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in practice. The motif-width heuristic allows MEME
to automatically discover several motifs of differing, unknown
widths in a single DNA
or protein dataset. Wealso describe
an improvedmethodof finding multiple, different motifs in
a single dataset.
Overview of MEME
The principal input to MEME
is a set of DNAor protein
sequences.Its principal output is a series of probabilistic sequence models, each correspondingto one motif, whoseparameters have been estimated by expectation maximization
(Dempster, Laird, & Rubin 1977). In a nutshell, MEME’s
algorithm is a combinationof
¯ expectation maximization (EM),
¯ an EM-based
heuristic for choosingthe starting point for
EM,
¯ a maximum
likelihood ratio-based (LRT-based)heuristic
for determiningthe best numberof modelfree parameters,
¯ muitistart for searching over possible motif widths, and
¯ greedy search for finding multiple motifs.
OOPS, ZOOPS, and TCM models
The different types of sequence model supported by MEME
make differing assumptions about how and where motif occurrences appear in the dataset. Wecall the simplest modeltype OOPSsince it assumesthat there is exactly one occurrence per sequence of the motif in the
datase~. Th-]s type of rnodeT was introduced by Lawrence
&Reilly (1990). This paper describes for the first time
generalization of OOPS,called ZOOPS,
which assumeszero
or one motif occurrences per dataset sequence. Finally,
TCffl (two-cor~ponentmixture) model~"assume that there
are zero or morenon-overlapping occurrences of the motif
in each sequence in the dataset, as described by Bailey &
Elkan (1994).
Each of these types of sequence model consists of two
componentswhich model, respectively, the motif and nonmotif ("background") positions in sequences. A motif
modeledby a sequence of discrete randomvariables whose
parameters give the probabilities of each of the different
letters (4 in the case of DNA,20 in the case of proteins)
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occurring in each of the different positions in an occurrence
of the motif. The background positions in the sequences
are modeledby a single discrete randomvariable. If the
width of the motif is W,and the alphabet for sequences is
£ = {a, ..., z}, we can describe the parameters of the two
componentsof each of the three model types in the same
way as
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Here, Px,j is the probability of letter x occurring at either
a backgroundposition (3" = 0) or at position j of a motif occurrence (1 _< j < W), 00 is the parameters of the
background component of the sequence model, and 0t is
the parameters of the motif component.
Formally, the parametersof an OOPS
modelare the letter
frequencies 0 for the background and each columnof the
motif, and the width W of the motif. The ZOOPSmodel
type adds a newparameter, 7, whichis the prior probability
of a sequence containing a motif occurrence. A TCMmodel,
which allows any numberof (non-overlapping) motif occurrences to exist within a sequence, replaces 3’ with X, where
A is the prior probability that any position in a sequenceis
the start of a motif occurrence.
DNA palindromes
A DNApalindrome is a sequence whose inverse complement is the same as the original sequence. DNAbinding
sites for proteins are often palindromes. MEME
models a
DNApalindrome by constraining the parameters of corresponding columnsof a motif to be the same:
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¯ M-step: solve
4~(t+l)

= argmax E [log Pr(X,
4, (zlx,¢m)

Zl )]

whereqi is a vector containing all the parameters of the
model. This process is knownto converge(Dempster,Laird,
& Rubin 1977) to a local maximum
of the likelihood function Pr(X[O).
Joint likelihood functions. MEME
assumes each sequencein the training set is an independentsample from a
memberof either the OOPS,ZOOPS
or TCMmodel families
and uses EMto maximizeone of the following likelihood
functions. The logarithm of the joint likelihood for models
of each of the three modeltypes is as follows. For an OOPS
model,the joint log likelihood is
log )Pr( X, ZIO
lZi,j=l,O)+nlog

7Tt

i=1 j=l
Pa,i

~

Pt,w+l-i,

Pa,w+l-i,
Pt,w+l-i,
Pt,w + l-i
for/ = 1,..., [W/2J.
The last columnis an inverted
version of the first column,the secondto last columnis an
inverted version of the second column, and so on. As will
be described below, MEME
automatically chooses whether
or not to enforce the palindromeconstraint, doingso only if
it improvesthe value of the LRT-basedobjective function.
Pe,i

For a ZOOPS
model, the joint log likelihood is

=

log Pr(X,

Pa,i =
Pt,i --
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Expectation maximization
Considersearching for a single motif in a set of sequences
by fitting one of the three sequence modeltypes to it. The
dataset of n sequences,each of length L, will be referred to
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¯ E-step: compute

1= ~fZ<jlogPr(X,

That is,
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I There are m = L- W+ I
asX = {X~,X2,...,Xn}.
possible starting positions for a motif occurrence in each
sequence.The starting point(s) of the occurrence(s) of
motif, if any, in each of the sequences are unknownand
are represented by the the variables (called the "missing
information") Z = {Zi,j[1 < i < n, 1 < j < m} where
Zij = 1 ifamotifoccurrencestarts in position j in sequence
Xi, and Zij = 0 otherwise. The user selects one of the
three types of model and MEME
attempts to maximizethe
likelihood function of a modelof that type given the data,
Pr(XI4’), where4~ is a vector containing all the parameters
of the model. MEME
does this by using EMto maximize
the expectation of the joint likelihood of the modelgiven
the data and the missing information, Pr(X, Zl~b). This
is done iteratively by repeating the followingtwo steps, in
order, until a convergencecriterion is met.

zIo,7)
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i:1
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lit is not necessarythat all of the sequencesbe of the same
length, but this assumption
will be madein whatfollowsin order
to simplifythe expositionof the algorithm.In particular, under
this assumption,A= "f/rn.

For a TCM
model, the joint log likelihood is
log Pr( X,
=

For a TCMmodel,
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+ Zi,j log Pr(Xid 101)
+(1 -- gi,.i)log(1 - A) + (gid)logA.
The variable Qi used in the ZOOPS
likelihood equation is
defined as Qi = ~_~jm=lZid. Thus, Qi = 1 if sequence Xi
contains a motif occurrence, and Qi = 0 otherwise. The
conditional sequenceprobabilities for sequencescontaining
a motif used by OOPSand ZOOPS
models are defined as
logPr(Xilgki

= 1,0)
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k) Tlogpk

= E I(i,j+

+ E I(i’k)Tl°gPO’
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whereI(i, j) is a vector-valuedindicator variable of length
A = IZ:l, whoseentries are all zero except the one corresponding to the letter in sequence Xi at position j, Xi,j.
Aid = {1,2,.-.,J
- 1,j + w .... ,L} is the set of positions in sequenceXi whichlie outside the occurrenceof the
motif whenthe motif starts at position j. The conditional
probability of a sequence without a motif occurrence under
a ZOOPS
model is defined as
L

Pr(Xi [Qi = O, O) = 1"I Px,,,.o.
k=l

The conditional probability of a length- Wsubsequencegenerated according to the backgroundor motif componentof
a TCMmodel is defined to be
W- I

logPr(Xi,jlOc)

= ~ I(i,j

+ k)T logpv,

k=0

where k’ = 0 if e = 0 (background), and t =k + 1 if
e = 1 (motif).
The E-step. The E-step of EMcalculates the expected
value of the missing information--the probability that a
motif occurrence starts in position j of sequence Xi. The
formulas used by MEME
for the three types of model are
given below. Derivations are given elsewhere (Bailey
Elkan 1995b). For an OOPSmodel,
(t))
Pr(Xilgi,j = 1,0
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For a ZOOPSmodel,
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The M-step. The M-step of EMin MEME
reestimates 0
using the followingformula for modelsof all three types:
p(kt+t)

e/~ =

ek + dk

- [e~ + dkl’ 0 < k < W,where

I

W
ifk = O,
t - 714=
lmej
n
(t)
El= I Ej = 1 Zi,j I(z, j + k - 1) otherwise.

Here dk is a vector of pseudo-countswhichis used to incorporate backgroundinformation into EMas will be described
later, t is the length-Avector of total counts of each letter
the dataset, and Ixl is the sumof the componentsof vector
x. For ZOOPSand TCMmodels, parameters 7 and A are
reestimated during the M-step by the formula
A(t+l)--7(t+llm-

i=1 j=l

Finding multiple motifs
All three sequence model types supported by MEME
model
sequences containing a single motif (albeit a TCMmodel
can describe sequences with multiple occurrences of the
same motif). To find multiple, non-overlapping, different
motifs in a single dataset, MEME
uses greedy search. It
incorporates information about the motifs already discovered into the current modelto avoid rediscovering the same
motif. The process of discovering one motif is called a pass
of MEME.
The three sequence model types used by MEME
assume,
a priori, that motif occurrencesare equally likely at each
position j in sequence Xi. This translates into a uniform
prior probability distribution on the missing data variables
Zid. That is, initially,
MEME
assumes that Pr(Zi.i
1) = A for all Zi,j .2 Onthe secondand subsequentpasses,
MEME
changes this assumption to approximate a multiplemotif sequence model. A new prior on each Zi.j is used
during the E-step that takes into accountthe probability that
a new width-Wmotif occurrence starting at position Xid
might overlap occurrences of the motifs found on previous
passes of MEME.
To help computethe newprior on Zi,j we introduce variables Vij where V/,.i = 1 if a width-Wmotif occurrence
could start at position j in sequence Xi without overlapping an occurrence of a motif found on a previous pass.
Otherwise ~,.i = 0.
l~,j

=

1, if no old motifs in [Xj,...,
O, otherwise

for/=l,...,nandj=
fo = Pr(XilQi

= O,O(’))(l

- 7(0),

f~ = Pr(X~IZ~j= 1,O(O)A(’), 1 < m.

nml~-~-~(t)Zi,j.

Xj+~_~]

1,...,L.

2For an OOPSmodel, A = l/re.
m.
A = "rl

For a ZOOPSmodel,
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To computel/},j we use another set of binary variables
Uid which encode which positions in the dataset are not
contained in occurrences of previously found motifs. So,
Ui,j is definedas
1, if Xi,j ¢ previous motif occurrence
0, otherwise

Ui5 =

for/= 1,...,nandj
= 1 .....
m.
As with the missing information variables Zij, MEME
computes and stores the expected values of the variables
Ui,j. Before the first pass of MEME,
the probability that
Xi,j is not already containedin a motif, the expectedvalue
of Uij, is set (°)
to one"¯ Uij
and
: 1 for i = l,...,n
j = i ..... L. These values are updated after each pass
according to the formula
~’i,j

=

’

"

-

max

k=j-~V+l,...,j

~i,kl

(1)

whereZ}~) is the final estimate of the missing information
at the en~ of the current pass, p. Intuitively, we change
the estimate of Xi,j not being part of somemotif by multiplying it by the probability of it not being contained in an
occurrence of the current motif. This we estimate using the
most probable motif occurrence of the current width that
would overlap it ¯ Weuse the . maximumof Z~t.. )J because
occurrencesof the current motif cannot overlap tl~emselves,
hence the values of Z~t] are not independent, so the upper boundon the probal~ility used here is appropriate. The
value of U~p) is then used as the value for Pr(Ui,j = I) in
equation (2’~ belowduring the next pass, p + I.
MEME
estimates the probability of a width-Wmotif occurrence not overlapping an occurrence of an), previous
motif as the minimumof the probability of each position
within the new motif occurrence not being part of an occurrence found on a previous pass. In other words, MEME
estimates Pr(~,j = I) as
Pr(Vi,j

= !)

min
k=j,...,j+W-I

maximum
likelihood estimates of the letter frequency parameters tend to have high variance. Both these problems
can be avoided by incorporating prior information about the
possible values which the letter frequency parameters can
take.
Usinga mixture of Dirichlet densities as a prior in the
estimation of the parameters of a modelof biopolymersequences has been proposed by Brownet al. (1993). This
approach makessense especially for proteins wheremanyof
the 20 letters in the sequencealphabethave similar chemical
properties. Motif columnswhich give high probability to
two (or more)letters representing similar aminoacids are
priori morelikely. A Dirichlet mixture density has the form
p = qJPl + ¯ .. + qnpn where pi is a Dirichlet probability density function with parameter3ti) = (/3~i) ..... /~!il).
A simple Dirichlet prior is the special case of a Dirichlet
mixture prior where R = 1.
MEME
uses Dirichlet mixturepriors as follows. In the Mstep, the meanposterior estimates of the parametervectors
Pl, i = 1 to W, are computed instead of their maximum
likelihood estimates. Let ek = [c ..... , c~]T be the vector
of expectedcounts of letters a,..., z in columnk of the motif. Wewill considerthis to be the "observed"letter counts
in columnk of the motif. The probability of componentj in
the Dirichlet mixture having generated the observedcounts
for columnk is calculated using Bayesrule,
Pr(’30 Ilc~)
If we define e = I¢~1=
~-~.~£ ~0")then

pr(ckl,3(,~))
r(e+r(c+
bC
J))l)rCbCJ))
r(C
rI
~r(b(j))+ btJ
xE£

where F(.) is the gammafunction. Weestimate the vector
of pseudo-countsdk = [da~, d~,..., d~]T as

Pr(Ui,k = 1). (2)

The minimumis used because motif occurrences found on
previous passes may not overlap (by assumption) so the
values of Ui,j are not independent. An approximate formulafor reestimating Zi,j in the E-step of EMwhichtakes
motifs found on previous passes into account and thus approximates a multiple-motif model can be shownto be

=

R

j=l

for i = 1 to A. The meanposterior estimate of the letter
probabilities pk is then
p(~+~) ek + dk

k - lek + d~.l
2}~] = E [Zi j] P,’(Vi,j
(ZlX,¢(o)

= I).

IVlEME
uses ~}I; in place of Z},t? in the M-stepof EMand
in equation (1)’above.
Using prior knowledge about motif columns
Applied to models of the forms described above, the EM
methodsuffers from two problems.First, if any letter frequency parameter is ever estimated to be zero during EM,
it remains zero. Second, if the dataset size is small, the
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for k = 1 to W. This gives the Bayes estimate of the
letter probabilities for columnk of the motif and is used to
reestimate 0 in the M-step.
Brownet al. (1993) havepublished several Dirichlet mixture densities that modelwell the underlying probability
distribution of the letter frequencies observedin multiple
alignments of protein sequences. The experiments reported
in this paper use either their 30-component
Dirichlet mixture
prior or a l-componentprior where/3(t) is just the average
letter frequenciesin the dataset.

Determining the number of model free parameters
The number of free parameters in a model of any of the
MEME
sequence model types depends on the width of the
motif and on whether or not the DNApalindrome constraints are in force. Whenthe width of the motifs is not
specified by the user and/or whenMEME
is asked to check
for DNApalindromes, ME/vIEchooses the number of free
parameters to use by optimizing a heuristic function based
on the maximum
likelihood ratio test (LRT).
The LRTis based upon the following fact (Kendall, Stuart, & Ord 1983). Suppose we successively apply constraints Ci,..., C~ to a modelwith parameters O and let
¢(,) be the maximumlikelihood estimator of O when all
constraints Ci, ¯ ¯., C, have been applied. Then, undercertain conditions, the asymptoticdistribution of the statistic
X2 = 2log Pr(XI¢)
PffXl¢(,))
is central X2 with degrees of freedom equal to the number of independent constraints upon parameters imposedby
Cl,..., 6’,.
MEME
uses the LRTin an unusual way to compute a
measureof statistical significance for a single modelby
comparingit to a "universal" null model. The null model
is designed to be the simplest possible model of a given
type. Let ¢ be the parameters of a model discovered by
MEME
using F_aM.Then, ¢ is the maximum
likelihood estimate (MLE)for the parameters of the model.3 Likewise,
let ¢0 be the maximum
likelihood estimate for the parameters of the null model. Since both ¢ and ¢0 are maximum
likelihood estimates, the LRTcan be applied to these two
models. At some significance level between 0 and 1, the
LRTwouldreject the null modelin favor of the morecomplicated model. Wedefine LRT(¢) to be ibis significance
level, so
LRT(¢) = Q(x21t,), where

O(x21~’) ~ Q(x2), x2

- (1

(Abramowitz & Stegun 1972). Q(x2) is the Q function
for the standard normaldistribution (i.e., size of the right
tail), and ~, is the difference betweenthe numberof free
parameters in the modelused with EMand the null model.
There are A - 1 free parameters per columnof 0, so the
difference in free parameters is t, = W(A- 1) for all
three modeltypes. If the DNApalindrome constraints are
in force, half the parameters in 01 are no longer free and
~, = (W/2)(A To compute the value of LRT(¢) we need values
the likelihood functions for the given and null modelsand
the difference in the numberof free parameters between
them. For the likelihood of the given model, MEME
uses
aWeoverlookthe possibility that EMconvergedto a local
maximum
of the fikelihoodfunction.Wenote also that ¢ is actually
the meanposterior estimateof the parameters,not the MLE,
when
a prior is used.In practice, the valueof the likelihoodfunctionat
is close to the valueat the MLE.

the value of the joint likelihood function maximizedby EM.
For the null model, it is easy to show that the maximum
likelihood estimate has all columnsdescribing motif and
backgroundpositions equal to ~ where p = [/~a, ¯..,/~]T
is the vector of averageletter frequenciesin the dataset. The
log likelihood of the null modelis

IogPr(Xl¢o)

= nL~/~log~.
xE£

The criterion function which MEME
minimizes is
’.
a(¢) ’/
LRT(¢)
This criterion is related to the Bonferroni heuristic (Seber 1984) for correcting significance levels whenmultiple
hypotheses are tested together. Suppose we only want to
acceptthe hypothesisthat ¢ is superiorif it is superiorto every modelwith fewer degrees of freedom. There are ~, such
modelsso the Bonferroni adjustment heuristic suggests to
replace LRT(¢) by LRT(¢)~,. The function G(-) applies
a muchhigher penalty for additional free parameters and
yields motif widths muchcloser to those chosen by human
experts than either LRT(¢) or LRT(¢)v.

The MEME
algorithm
The complete MEME
algorithm is sketched below. The
number of passes and maximumand minimumvalues of
motif widthsto try are input by the user. If the modeltype being used is tOPS,the inner loop is iterated only oncesince A
is not relevant. For a ZOOPS
model, Am/, = 1/(mv/-n) and
A,~a~ = 1/(mn). For a TCMmodel, A,m,~ = 1/(mx/’fi-)
and Amax = nm/(2w). The dynamic programming implementationof the inner loop, the EM-basedheuristic for
choosing a good value of 0(0) as a starting point for EM,
and the algorithms for shortening motifs and applying the
DNApalindrome constraints are omitted here due to space
limitations. Theyare described in a longer version of this
paper (Bailey & Elkan 1995b). The time complexity
MEME
is roughly quadratic in the size of the dataset.
procedure MEME
( X: dataset of sequences
for pass = 1 to pasSrna~: do
for W= W, mn to Wma~by x x/~ do
for A(°) = A,nin to A,na~ by x 2 do
Choosegood 0(°) given Wand )~(0).
Run EMto convergence from chosen
value of ¢(0) = (0(0),)g0),
Removeouter columns of motif
and/or apply palindrome constraints
to maximize G(¢).
end
end
Report model which maximizes G(¢).
Updateprior probabilities Ui.j to
approximate multiple-motif model.
end
end
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name type

N

L W

lip

protein

5

182

16

hth

protein
protein

30
5

239
380

18
12

crplex

DNA
DNA
DNA

18
16
34

105 20
200 20
150 20

hrp

DNA

231

farn

crp
lex

58

29

sites
proven total
5
5
5
5
30
30
0
30
0
26
0
28
18
24
11
21
18
25
11
21
231
231

Table 1: Overview of the datasets used in developing
MEME
showing sequence type, number of sequences (N),
average sequence length (L), and motif width (W). Proven
sites have been shownto be occurrences of the motif by
laboratory experiment(footprinting, mutagenesis,or structural analysis). Total sites include the provensites and sites
reported in the literature based primarily on sequencesimilarity with knownsites.
Measuring performance
Wemeasured the performance of the motifs discovered by
MEME
by using the final sequence modeloutput after each
pass of as a classifier. The parameters, ~b, of the sequence
model discovered on a particular pass are converted by
MEME
into a log-odds scoring matrix LOand a threshold t where LO~,j : log(p~,j/px,o) for j = 1 .... , W
and z (5 £, and t = log((1 - A)/A). The scoring matrix
and threshold was used to score the sequencesin a test set
of sequences for which the positions of motif occurrences
are known. Each subsequence whose score using LOas a
position-dependent scoring matrix exceeds the threshold t
is considered a hit. For each knownmotif in the test set,
the positions of the hits were comparedto the positions of
the knownoccurrences. The numberof true positive (tp),
false positive (fp), true negative(tn) and false negative
hits was tallied. Fromthese, recall = tp/(tp + fn) and
precision = tp/(tp + fp) were computed.
Wealso calculated the receiver operating characteristic
(ROC)(Swets 1988) of the MEME
motifs. The ROCstatistic is the integral of the ROCcurve, whichplots the true
positive proportion, tpp = recall = tp/(tp + fn), versus
the false positive proportion, fpp = fp/(fp + tn). The
ROCstatistic wascalculated by scoring all the positions in
the test set using the log-odds matrix, LO, sorting the positions by score, and then numericallyintegrating tpp over
fpp using the trapezoid rule.
MEME
motifs which were shifted versions of a known
motif weredetected by shifting all the knownmotif positions
left or right the same numberof positions and repeating
the above calculations of recall, precision and ROC.All
shifts such that all predicted occurrencesoverlap the known
occurrences (by exactly the same amount) were tried. The
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quantity
sequences per dataset
dataset size
sequence length
shortest sequence
longest sequence
pattern width

mean
(sd)
34
(36)
12945 (I 1922)
386
(306)
256
(180)
841
(585)
i 2.45
(5.42)

Table 2: Overviewof the 75 Prosite datasets. Eachdataset
contains all protein sequences in SWlSS-PROT
(Release
11.1) annotatedin the Prosite database as true positives or
false negativesfor the Prosite pattern characterizing a given
family. Dataset size and sequence length count the total
numberof aminoacids in the protein sequence(s).

performancevalues reported are those for the best shift. For
datasets with multiple knownmotifs, recall, precision and
ROCwere calculated separately for each knownmotif using
each of the sequence models discovered during the passes
of MEME.
Experimental datasets
Westudied the performance of MEME
on a number of
datasets with different characteristics. Sevendatasets which
were used in the development of MEME
are summarizedin
Table 1. Another 75 datasets each consisting of all the
membersof a Prosite family are summarizedin Table 2.
Development
datasets. The protein datasets lip, hth, and
farn, were created by Lawrenceet al. (1993) and used to test
their Gibbssamplingalgorithm. Verybriefly, the lip dataset
contains the five most divergent lipocalins with known3D
structure. They contain two knownmotifs, each occurring
once in each sequence. The hth proteins contain DNAbinding features involved in gene regulation. The farn
dataset contains isoprenyl-protein transferases, each with
multiple appearancesof three motifs.
The E. coli DNA
datasets, crp, lex and crplex, are described in detail in (Bailey & Elkan 1995a). The crp sequences contain binding sites for CRP(Lawrence& Reilly
1990), while the lex sequences contain binding sites for
LexA;the crplex dataset is the union of the crp and lex
datascts. The E. coli promoter dataset hrp (Harley
Reynolds1987) contains a single motif which consists of
two submotifs with a varying numberof positions (usually
about 17) between them.
Prosite datasets. The 75 Prosite families described in
general terms in Table 2 correspond approximately to the
10%of fixed-width Prosite patterns with worst combined
(summed)recall and precision. Fixed-width patterns such
as D- [SGN]-D-P-[LIVM]-D- [LIVMC]are a proper
subset of the patterns expressible by MEME
motifs, and
they form a majority in Prosite. Recall and precision for
Prosite patterns and for corresponding MEME
motifs were
calculated using information in the Prosite database about
matches found when searching the large (36000 sequence)
SWlSS-PROT
Release 11.1 database of protein sequences
(Bairoch 1994).

Performance of different model types
Table 3 shows the ROC.motifs found by MEME
in the development datasets when MEME
was run with the motif
width set at W< 100 for 5 passes. The first lines for each
of the three mo~l types shows the performance of MEME
without background information--DNA palindromes were
not searched for and the one-component
Dirichlet prior was
used. As expected, the ZOOPS
modeltype outperforms both
the OOPSand TCMmodel types on those datasets which
conformto the ZOOPS
assumptions, as seen from the higher
values of ROCfor the ZOOPS
model type (line 4) compared
with the OOPSmodeltype (line 1) for datasets hrp and crplex in Table 3. Accuracyis not sacrificed whenall of the
sequences contain a motif occurrence: the performancesof
the OOPSand ZOOPS
modeltypes are virtually identical on
the first four datasets. The TCM
modeltype outperformsthe
other two modeltypes on the farn dataset whosesequences
contain multiple occurrencesof multiple motifs.
For comparison,the last line in Table 3 showsthe performanceof the motifs discovered using the Gibbs sampler
(Lawrenceet al. 1993). The conditions of the tests were
madeas close as possible to those for the MEME
tests using the OOPSmodel type, except that the Gibbs sampler
wastold the correct width of the motifs since it requires the
user to specificy the width of all motifs. Witheach Prosite
dataset, the Gibbs sampler was told to search for 5 motifs,
each of the widthof the Prosite signature for the family, and
that each sequence contained one occurrence of each motif.
It wasrun with 100 independentstarts (10 times the default)
to maximizeits chances of finding good motifs. Note that
we did not tell either the Gibbs sampler or MEME
howmany
occurrencesof a particular motif a particular sequencehas
as was done in (Lawrenceet al. 1993).
The ROCof the MEME
motifs found using the ZOOPS
model type without background information is as good or
better than that of the sampler motifs for five of seven
datasets. The MEME
motifs found using the OOPSmodel
type performas well or better than those foundby the Gibbs
sampler with four of the seven datasets. Note once again
that the Gibbs sampler was told the correct motif widths
to use, whereas MEME
was not. MEME
using the ZOOPS
modeltype does significantly better than the Gibbs sampler
on the two ZOOPS-likedatasets.
The benefit of background knowledge
The efficacy of using the DNApalindrome bias and the
Dirichlet mixture prior can be seen in Table 3. ROCimproves in 9 out of 21 cases and stays the samewith another
5. The improvements
are substantial in the case of the least
constrained model type, TCM.For five of seven datasets,
using the backgroundinformation results in the modelwith
the best or equal-best overall ROC.
The LRT-basedheuristic does a good job at selecting
the "right" width for the motifs in the seven non-Prosite
datasets, especially whenthe DNApalindrome Or Dirichlet
mixture prior backgroundinformation is used. The widths
of the best motifs found by MEME
are shown in Table 4.
With background information and the model type appro-

1 2 3 4 5 ?
passwith ROC
over .99
Figure 1: The pass where MEME
finds the knownProsite
motif is shown. MEME
was run for five passes using the
OOPSmodel without any background information. ’9’
means the knownmotif(s) were not found by MEME
within
five passes.
priate to the dataset, the motif widths chosen by MEME
are close to the correct widths with the exception of the
lip dataset. That dataset is extremelysmall and the motifs
are faint, which explains whyMEME
underestimates their
widths.
Performance on the Prosite

datasets

MEME
does an excellent job of discovering the Prosite motifs in training sets consistingof entire families. Thisis true
with both the OOPSand ZOOPSmodel types and with or
without the backgroundinformation provided by the Dirichlet mixture prior. For 91%of the 75 Prosite families, one
of the motifs found by MEME
run for five passes using the
OOPSmodeltype and the simple prior corresponds to the
knownProsite signature (i.e., identifies the samesites in the
dataset). MEME
finds multiple knownmotifs in many of
the Prosite families. The criterion we use for saying that
a MEME
motif identifies a knownProsite pattern is that it
have ROCof at least 0.99. MEME
usually discovers the
knownmotifs on early passes, as shownin Figure 1.
Of the 75 Prosite families we studied, 45 significantly
overlap other families. Wedefine significant overlap to
mean two families share five or more sequences in common. If we include the motifs contained in these overlapping families, there are 135 knownmotifs present in the 75
Prosite family datasets. Whenrun for 5 passes using the
OOPSmodel type with the simple Dirichlet prior, MEME
discovers 112 of these known motifs. The ZOOPSmodel
type does better, discovering 117 of the 135 motifs. With
the Dirichlet mixture prior, MEME
does even better, discovering 119 out of 135 knownmotifs using either the OOPSor
ZOOPSmodel types.
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model
type
OOPS
OOPS_PAL
OOPS_DMIX
ZOOPS
ZOOPS.PAL
ZOOPS..DMIX
TCM
TCM_PAL
TCM_DMIX
OOPS_GIBBS

crp
0.9798
0.9792
0.9798
0.9792
0.9240
0.9786
0.9709

dataset
OOPS-like
lex
hth
lip
0.9998 0.9979 1.0000
1.0000
1.0000 1.0000
0.9999 0.9992 1.0000
1.0000
1.0000 1.0000
0.9895 0.9888 0.9842
0.9811
0.9841 0.9952
1.0000 1.0000 0.9999

ZOOPS-Iike
hrp
crplex
0.9123 0.9615
0.9123 0.9565
0.9244
0.9244

0.9881
0.9867

0.8772
0.8772

0.9764
0.9792

TCM-like
farn
0.9446
0.9336
0.9112
0.9324
0.9707
0.9880
0.9291

0.8881 0.9672

Table 3: AverageROCof the best motif discovered by MEME
for all knownmotifs contained in dataset. Highest ROCfor
each dataset is printed in boldfacetype. Blankfields indicate that the modeltype is not applicable to the dataset.

OOPS-like
crp lex hth
lip
known width
20 20
18 16 16
OOPS
15
18
15
5
6
OOPS_PAL
16 16
OOPS_DMIX
18
7
6
ZOOPS
15
18 21
5
6
ZOOPS_PAL
16 16
ZOOPS_DMIX
18
7
6
TCM
11 11
10
8
8
TCM_PAL
16
9
TCM._DMIX
11
7
7

dataset
ZOOPS-like
hrp crplex
29 20 20
46
29 18
46
24 24
46
46

21 18
22 20

29
29

21
20

12
11

TCM-like
farn
12 12 12
7 9 10
8 16 11
12 12 9
7
10
11

8

12
7 I0
7

8

Table 4: Widthof the best motif discovered by MEME
for all knownmotifs contained in dataset. Blank fields indicate that
the modeltype is not applicable to the dataset. A width in boldface indicates that this modeltype has the best average ROC
for this dataset.
model type

ROC
0.991 (0.025)
OOPS_DMIX 0.992 (0.031)
ZOOPS
0.992 (0.024)
ZOOPS_DMIX 0.993 (0.026)

OOPS

recall
0.805 (0.356)
0.815 (0.349)
0.823 (0.335)
0.821 (0.340)

precision
relative width
0.751 (0.328) 1.297 (0.753)
0.758 (0.325) 1.210 (0.677)
0.775 (0.307)
1.307 (0.774)
0.768 (0.314) 1.220 (0.715)

shift
-0.978
-0.637
-0.696
-0.585

(5.608)
(5.337)
(5.575)
(4.890)

Table 5: Average(standard deviation) performanceand width of best motifs found by MEME
in the 75 Prosite datasets. All
135 knownmotifs contained in the datasets are considered.
model type
OOPS_DMIXW < 100
ZOOPS..DMIX,
I~V < 100
OOPS_DMIX,
W --- 20
OOPS_GIBBS,W = 20

ROC
0.971 (0.065)
0.960 (0.090)
0.987 (0.029)
0.980 (0.053)

recall
0.738 (0.288)
0.728 (0.305)
0.820 (0.211)
0.781 (0.242)

precision
0.725 (0.310)
0.699 (0.327)
0.840 (0.228)
0.884 (0.169)

relative width
1.170 (0.840)
1.141 (0.815)
1.896 (O.785)
1.896 (0.785)

Table 6: Average (standard deviation) two-fold cross-validated performance of MEME
and the Gibbs sampler on the
Prosite families. Thetraining set consisted of half of the sequencesin a given family. Thetest set consisted of the other half
plus half of the 36000sequences in SWlSS-PROT
Release 1 I. 1.
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Small improvements are seen in the performance of
MEME
motifs discovered in the Prosite datasets whenthe
Dirichlet mixture prior is used. This is especially true for
the datasets containing few (under 20) sequences. For the
36 Prosite datasets we used which meet this criterion and
wouldthus be most likely to benefit from the background
informationcontainedin the Dirichlet mixtureprior, the improvementin ROC
is statistically significant at the 5%level
for the OOPSmodeltype according to a paired t-test. The
motifs discovered using the ZOOPS
modeltype are slightly
superior to those found with the OOPSmodel type. Table 5 showsthe average performanceresults on the Prosite
datasets when MEME
is run for five passes with various
modeltypes, with or without Dirichlet priors, and required
to choose the motif width in the range 5 < W< 100. The
performancevalues are for all 135 knownmotifs contained
in the 75 datasets, as described above. The difference in
ROCbetween the OOPSand ZOOPSmodel types when the
simpleDirichlet prior is used is significant at the 5%level.
Whenthe Dirichlet mixture prior is used, the difference in
ROCbetweenthe two modeltypes is not statistically significant. For both modeltypes, whetheror not the Dirichlet
mixtureprior is used does not makea statistically significant
difference in the ROCof the discovered motifs.
The MEME
motifs are extremely similar to the Prosite
signatures. In general, they identify almost exactly the
samepositions in the sequences in the families. This fact
can be seen in Table 5 from the high ROC,relative width
close to 1, and small shift of the MEME
motifs.
Generalization
Cross-validation experiments showthat the motifs discovered by MEME
on the Prosite datasets can be expected to correctly identify newmembers
of the protein families. Table 6
showsthe results of 2-fold cross-validation experimentson
the 75 Prosite families using MEME
and the Gibbs sampler.
The first two lines of the table showthe results whenMEME
is forced to choosethe motif width. The performanceof the
OOPSmodeltype is slightly better than that of the ZOOPS
modeltype (ROCbetter at 5%significance level). Performanceis better if MEME
is given background information
in the form of being told a good width (W-- 20), as seen
in the third line in Table 6. Thenthe generalization performance(cross-validated ROC)of the MEME
motifs is better
than that of sampler motifs at the 5%significance level. In
these experiments, both MEME
and the Gibbs sampler were
allowed to generate only one motif per training set. The
Gibbs sampler was instructed to use motif width W=- 20
and 250 (25 times the default) independentstarts to ensure
that the two algorithms got approximately the same number of CPUcycles. The performancefigures in Table 6 are
based on the numberof hits scored on sequences in SWISSPROTknownto be in the family, and do not require the
hit to be at any particular position within the sequence. We
used a threshold of 18 bits for determining if scores were
hits.
A direct comparisonof the predicted generalization performanceof motifs discovered by learning algorithms such

as MEME
and the Gibbs sampler with that of the Prosite
signatures is not possible. The Prosite signatures werecreated by hand and cannot easily be cross-validated, so their
generalization performance is not known. However, the
average performanceof the Prosite signatures on their own
training sets, ROC= 0.99(0.02), is the sameas the crossvalidated performance of the MEME
OOPS-modelmotifs
found whenthe algorithm is given a hint about the width
of the motifs. This is impressive since the MEME
motifs
were learned from only half of the membersof the families
so the cross-validated ROCis likely to be an underestimate
of the actual ROCof the motifs. The non-cross-validated
estimate of the Prosite signature performanceis likely to
overestimate their actual performanceon new sequences.
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