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ABSTRACT

Pattern discovery in unaligned DNA sequences is
a fundamental problem in computational biology with
important applications in finding regulatory signals. Cur-
rent approaches to pattern discovery focus on monad
patterns that correspond to relatively short contiguous
strings. However, many of the actual regulatory signals
are composite patterns that are groups of monad patterns
that occur near each other. A difficulty in discovering
composite patterns is that one or both of the component
monad patterns in the group may be “too weak”. Since the
traditional monad-based motif finding algorithms usually
output one (or a few) high scoring patterns, they often
fail to find composite regulatory signals consisting of
weak monad parts. In this paper, we present a MITRA
(Mlsmatch TRee Algorithm) approach for discovering
composite signals. We demonstrate that MITRA performs
well for both monad and composite patterns by presenting
experiments over biological and synthetic data.
Availability: MITRA is available at
http://www.cs.columbia.edu/compbio/mitra/
Contact: eeskin@cs.columbia.edu

INTRODUCTION

Pattern discovery in unaligred DNA sequenes is a
fundamentalproblemin compuationalbiology, with im-

portantapplicationsn finding regulatay signals.Current
apprachego patterndiscovery focuson monadpatterns
thatcorrespad to relatively shortcontiguows stringsthat
appar (with somemismatchs) surprisinglymary times
(in a statisticallysignificantway). However, mary of the
actualregulaory signalsare compaite patternsthat are
groups of monadpatternsthat occurrelatively neareach
other (GuhaTlakurta & Stormo (200J); Gelfand et al.

(2000; van Helden et al. (2000). These patternsare
often associatedvith co-reguated genesthat sharetwo

or moretranscriptionfactors.A difficulty in discovering

compaite signalsis that one of the comporent monad
signalsin the groups may be “too weak, making the
compaite signal difficult to find using the traditional
monadbased appoaches.For exampe, GuhaTlakurta

& Stormo (200L), descibed a setof yeastS. cervisiae
gene thatareregulatedby two transcriptionfactorswith

experimentallyverifiedsites, URS1andUASH, thatoccu

relatively near each other Although URSL1 is strongly
conseved andeasilyfound with traditionalmonad-lased
appraches,UASH is too weak to be discovered with

theseappraches.

An exanple of a compositepatternis a dyad signal,
which is a pair of monad patternsthat appear a fixed
(or almostfixed) distanceapart. A possibleapprachto
detectingcompaite anddyadpatternss to find eachpart
(monad of the patternsepartely and then reconsruct
the compaite pattern.Sincethe traditionalmonad-lased
motif-finding algorithmsusually output one (or a few)
high scoring pattern, they often fail to find compaite
reguatory signalsconsistingof weak monadparts. This
is becawse one of the partsmay not be significanton its
own. A betterapproah would be to detectboth partsof
a compgaite patternat the sametime. In mary casesthe
compsitepatternis strongenowh to be detectedavenin
the caseits monadpartsare too weakto be detectedon
their own.

In this paper we presenta compaite patterndiscovery
algorithmconsistingof two steps.We first castthe com-
posite patterndiscovery prodem as a larger monal dis-
covery probdem by prepreessinghe sample Preproces-
ing creates setof “virtual” monals(conatenation®f the
monal partsof the compaite signal)which represat the
possibleinstancs of the compositesignals.The second
stepof thealgorithmappliesanexhaustive monaddiscor-
ery algorithmto the “virtual” monadprodem. The “vir-
tual” monal problemis harde thantraditionalmonaddis-
covery problens becaisethe monals aretypically longer
andthe samplesarelarger We presenta monaddiscovery
algorithm, MITRA (Mismatd TReeAlgorithm) that effi-
ciently performsexhatstive searctover patterns.

MITRA usespairwise similarity informationwhich is
the basisof the WINNOWER algorithm by Pevzner &
Sze (2000. and takes adwantageof a new insight into
prunirg the patternspacehatallows for moreefficientuse
of pairwisesimilarity thanin the WINNOWER algorithm.
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MITRA is ableto discorer compaite motifs of combined
length over 30 bp unlike previous exhaustive pattern
discorery methods

Four relatedworks apprachthe prodem of identifying
compaite patternsby attemptingto identify the com-
ponent monadsignalsat the sametime. The studiesof
compaite patternswere pioneeed by Marsan& Sagot
(2000. MITRA borrons someinsightsfrom their work
andfurther develops someideasusedin their suffix tree
apprach. The approabes of Guhahakurta& Stormo
(2007 andLiu etal. (2007 useprofile-basedpproabes.
While being very useful in practice, profile-basedap-
proactes do not guarantee corvergene to the bestdyad
signal and may fail when detectingweak dyad signals.
The forth relatedwork is the RSA-dyad algorithm by
van Heldenet al. (2000), which compaes obsened fre-
guertiesof pairsof spacedrinucleotide to the expected
frequerties of the pairs. Since MITRA is desigred to
discover patternsthat occur with mismatchs, it can
potentiallydetectwealer dyads.

We presentseverd testsover biologcal and synthetic
dataanddemorstratethatMITRA perforns well for both
monadandcompsitepatternsin particular we shav that
our algorithm autonatically recovers the dyad signalin
P. horikoghii from Gelfand et al. (2000) (that the RSA-
dyad algorithmfailed to find), aswell asthe compaite
patternin S. cerevisiae that can not be discovered by
traditional monaddiscovery method (GuhaThéurta &
Stormo (2001)). In a separte paperMITRA has been
appliedto automaticdiscovery of compsite regulatory
signalsin comgetely sequacedbacterialgenanes(Eskin
etal. (2002).

MONAD PATTERN DISCOVERY

DNA sequenesare subjectsto mutationsandasa result
regulaory signalstypically occu with somemismatche
from the “canmical” patterns.We can representthe
cananical patternasan/-mer(acontinuosstringof length
1). In the casewhenthe biological signalis represated
by a profile we usethe mostfrequen nudeotidein every
position of the profile to form the canorical pattern.
Althoughtthis is a crudeapproxmation of the profile we
explain, below that our algorithmis able to recover the
profile using the canonicé patternas a “seed”. We use
the term patternor signalto referto the canmical [-mer.
We definetheterm (I, d)-neighborhad of ani-mer P to
represenall possiblel-merswith up to d mismatchse as
compaedto P. For thealphalet of nucleotideshe sizeof
the (I, d)-neigtborhod for ary I-meris ¢, (1)3'. we
usetheterminstance of the patternP to referto [-mers
from the ([, d)-neighborhod of P thatarepresenin the
sample(i.e.,l-merin the samplewith upto d mismatche
from P). Givenasetof patternsP we call an/-mervalid

if it is aninstanceof apatternP € P.

We define the patterndiscovery problem as follows.
Givenasequene S, we wantto find all /-mersthatoccu
with up to d mismatchest leastk timesin the sample.
Suchl-mersarecalled (I,d) — k patternsA variantof
theproblemassumethatthesampleS is splitinto several
sequacesandwe wantto find all /-mersthatoccu with
upto d mismatchesn atleastk sequacesin thesample.

Therehave beenmary appro@hespresentedo discos-
ery of monadsignals.Among the best performing are
MEME (Bailey & Elkan(1995), CONSENSUSHertz&
Stormo(1999), Gibbssampler(Lawrerce et al. (1998);
Neuwaldetal. (1995);Hughesetal. (2000)),rancbm pro-
jections (Buhler & Tompa(2001)), combinaorial based
appraches(Pe/zna & Sze (2000), and MULTIPRO-
FILER (Keich & Pevzne (200)). All theseapproghes
focuson discoveringthe highest scoringsignalsandmay
not be applicale in the casewhere eachof the pair of
monal signalsis not statistically significanton its own.
Moreover, the existing softwaretoolsto patterndiscorery
involve some heuristics and/or stochasticoptimization
proceluresand do not necessdly guaanteeto find all
best-scdng monal signals.

In orderto obtaina list of candichte monad, one can
apply the classicalpattern-basd approabessuchasthe
Pattern Driven Approad (PDA) or SampleDriven Ap-
proat (SDA). The PDA (seePeszneg (2000)) examines
all 4! patternsof fixedlengthl in lexical orde; compars
eachpatternto every [-merin the sample andreturnsall
(I,d) — k patterns.To bypassthe prodem of excessive
time requirenentsin PDA, Watermanet al. (19849 and
Galaset al. (1985 suggstedan algorithm that signifi-
cantlyrediwcesthetime requiremets of the pattern-dwven
apprach.They noticedthatmostof 4! patternsaxamined
in the PDA are not worth examinirg sinceneitherthese
patternsnor their neighlors appearin the sample.There-
fore, the time spentexaminirg thesepatternsin the PDA
is wastedand a significantspeedup canbe achieved by
eliminatingthesepatternsfrom the search Basedon this
obsenationthey desigred analgorithmwhich we call the
Samjpte Driven Approad (SDA) thatonly exploresthe -
mersappeang in thesampleandtheir neighbas.

The SDA first initializes a table of size4!. Eachentry
of thetablecorrespaodsto a pattern For eachl-merin the
sample,SDA geneatesthe (I, d)-neighborhod of the I-
mer. Eachtableentry correspadingto an elementof the
neighborhoal is incrementedby a certainamount.After
all of the [-mersin the sampleare processed,the table
contairs a scorereflectingthe significanceof the pattern.
SDA returnsall patternswhosetable entrieshave scores
thatexceal thethreshold.

The SDA approah is much fasterthan the pattern-
driven approah but it requiresa large 4! table. As a
result, the SDA was not practical for long patternsin
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mid 198)s. Moreover, until recently SDA wasnotin the
mainstreanof patterndiscovery algorithmsanddid not
resultin apracticalsoftwaretool. Sagot(1998 andPavesi
etal. (200L) resurrectedhe Watermaret al. (1984) idea
with anew approab thateliminatests excessie memory
requiremats. At the sametime, with the gigabytes of
RAM memory routinely available today the practical
valuesof [ have significantly increasedas compared to
198G even without a memay-efficientalgorithm.

The SDA apprachexplores the spaceof all neighbors
of [-mersfrom the samplein a corsecutve fashion,i.e.,
at the first stepit exploresall neightors of the first [-
mer from the sample,at the secom stepit explores all
neightors of the second-mer, etc.If anl-mer P belong
to the neighbohoodsof the [-mersappearingat positions
11,...,1; in the samplethenthe informationaboutP is
collectedat iterationsi, . . . , 7. Sinceinformationabou
P is collectedat k differentiterations the Watermaretal.
(1984 apprach upddes information abou P k times
duringthe couseof the algorithm.As a resulta memory
slot for P is occupiel during the entire courseof the
algorithm even if P is not an “interesting” (i.e., not a
frequert) [-mer Sincemostof [-mersexplored by SDA are
not interestingthe informationabou themis uselesand
is later forgottenthuswastingthe memoryslotsfor such
I-mers.A bettersolutionwould beto collectinformation
abou all instancs of a patternP at the sametime. This
removesthe needto keeptheinformationabou a pattern
in memorybut requiresa new appr@chto navigating the
spaceof all [-mers. MITRA (Mlsmatd TReeAlgorithm)
apprachrunsmuchfasterthan PDA and SDA anduses
only afractionof thememoryof SDA.

The pattern-findingalgorithms(like PDA andMITRA)
are often contrastedagainstthe profile-basedappro@hes
(like Gibbs sampler)for motif-finding and there is a
point of view that the profile-basedechniqueare more
biologicdly relevant for finding motifs in biologcal
samples(Berg & von Hippel (1999). This is probably
thereasorwhy the Watermaret al. (1984 algorithmwas
not popularin the pastdeca@. Sagotandcolleageswere
thefirst to rehut this opinion andto develop an efficient
version of the Watermanet al. (1984) algorithm that
was successfily appliedto analyzedifficult biological
samples(Sagot(1998); Marsan& Sagot(2000; Vanet
et al. (1999)). In fact, there are more similarities than
differen@s betweenthe pattern-baed and profile-based
appraches.The pattern-diven approa&hes,similarly to
the profile appraches,gereratethe profiles (as a con-
sensuf found instancesof a pattern)but they explore
the spaceof possiblemotifs in a differentandoftenmore
efficient way thanthe stochasic optimizationalgorithms.
Every profile of length [ correspndsto a pattern of
lengthl formedby the mostfrequent nucleotidesin every
position of the profile. For most biological samplesthe

searchwith this cons@suspatternasa seedwould return
the correct motif and would recongruct the original
profile with variablefrequeriesin differert positions.It

indicatesthatthe pattern-divenapproabesareat leastas
goodasthe profile-basd apprachedor mary biological

samplegSzeet al. (2002)).0n the otherhand Pevzrer
& Sze (2000, Buhler & Tompa (2000, and Keich &

Pevzne (20028 demastratedthat the pattern-diven
apprachegerformbetterthanthe profile-ba&sedmethod
on simulatedsampleswith implantedpatternsOf course
the“pattern-impantation”modelis somehav limited and
it remaingo beseenwvhetherthepattern-baedalgorithms
deterioratdor the“profile-implartation” model. However,

todaythereis littl e evidence that the profile-basedneth-
odsperformary betterthanthe pattern-naedmethod on
eitherbiologicalor simulatedsamples.

MISMATCH TREE ALGORITHM

MITRA usesa mismatt tree datastructureto split the
spaceof all possible patternsinto disjoint subspces
that start with a given prefix. By splitting the pattern
space MITRA keeps reducing the pattern discovery
into smaller sub-protems similarly to the SPELLER
algorithm(Sagot(1998)). MITRA alsotakesadventageof
pairwisesimilarity betwea instancesThesesimilarities
canbe usedto constructa graphwhereeachvertex is an
I-merin the sampleandthereis anedgeif thetwo [-mers
aresimilar (e.g.,differ in no morethan2d positions).An
(I,d) — k patternwill correspod to a clique of size k
in this graph. This type of appro&h is the basisof the
WINNOWER algorithm(Pevzne & Sze(200)). In fact,
we shaw that we canimposestrongercondtions on the
graphfor theexistene of a patternthansimply aclique of
sizek.

Splitting Pattern Space

MITRA splits the spaceof all possible patternsinto
disjointsubsp@cesorrespndingto patternghatstartwith
agiven prefix. A patternis calledweakif it haslessthank
(1, d)-neighborsn thesample A subspaeis calledweak
if all patternsin this subspceareweak.For mostof the
subspces,we can quickly concluc that they are weak
andsave time by not searchig the subspae exhatstively.
For examge, if we arelooking for patternsof lengthl
we would first split the spaceof all [-mersinto 4 disjoint
subspces.The first subspae would be the spaceof all
I-mersstartingwith A, thesecondsubspaewould bethe
spaceof all [-mersstartingwith C', etc. We furtheremploy
stratgjiesfor determiningwhethe the subspae contans
a (I,d) — k pattern.If we canrule out that a subsjace
contairs suchapatternwe stopsearchingn this subsjice
andreleasehe memoryslot. If we canrot rule outthata
subspce contans sucha pattern,we split this subspce
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agan on the next symbd andrepeat.The key ingredien
of MITRA is the methodto rule out whethera subspce
containsa (/, d) — k pattern.

Mismatch Tree Data Structure

Mismatch treesare similar to the sufiix treesand tries
thathave along history of applicatiors to stringmatching
problens (seeGusfield(1997)). The pathsfrom the root
to the leaves in a mismatchtree represetinot only the
substringsin the data (like in sufiix trees and tries),
but also all neighbas of thesesubstringswith up to &
mismatchesThe datastructures avariationof the sparse
predction treesfrom Eskin et al. (2000). A mismatch
tree is a rooted tree where eachinternal node has 4
brancles, eachlabeledwith a symiol in {A,C, G, T}.
The maximun depthof the treeis [. Eachnodein the
mismatchtree correspadsto the subsjceof patternsP
with afixedprefix (definedby thepathfrom therootto the
nodg and contairs pointersto all [-mersinstancedrom
the samplethat are within d mismatchedrom a pattern
P ¢ P (valid [-mers).The treeis initialized to contain
only a root nodeandis exploredin a depthfirst fashion
over thecourseof thealgorithm.

MITRA start with exanining the root node of the

mismatchreethatcorrespadsto thespaceof all patterns.

When examining a node, MITRA tries to prove that it
correspndsto a weak subspae. If we cannot prove it,
we expard the nodes childrenandexamire eachof them.
This correpondsto splitting the patternsubspae into 4
separat@arts.Wheneer we reacha nodecorrespnding
to aweaksubspce,we backrack, effectively eliminating
the subtreerooted at that node from our search.The
intuition is that mary of the nodes correspod to weak
subspces and can be ruled out. This allows us to
avoid searchingmuch of the pattern spacethat would
be searchd in SDA. If we reachdepthl, the [-mer
correspnding to the path from the root to the leaf
correspnds to an (I,d) — k patternand the pointers
from this nodecorrespod to theinstancs of this pattern.
In practice,we do not needto explicitly maintain the
mismatchreein memorysincewe “virtually” traversethe
mismatchtreein thedepthfirst fashion.

MITRA keepstrack of all valid I-mersat eachnoce in
the tree (i.e., instancs of patternsfrom the subspce of
patternsthat correspad to the node).An [-mer is valid
for anodeif its prefix matcheghe prefix of the nodewith
at mostd mismatchs. The setof valid [-mersfor a node
is a subsebf the setof valid [-mersfor the paren of the
node MITRA efficiently generateshe setof valid [-mers
for anock by keepingtrack of the number of mismatche
betweereachvalid [-merandthe prefix of the node For

avalid [-merin the parentof a node,therearetwo cases.

Eitherthepositioncorrespadingto thebrand to thechild
matchesthe [-mer, or the position correspading to the

brand to the child doesnot matchthe l-mer. In the first
case,the [-mer is still valid for the child. In the second
case the count of mismatchedor that/-merincreass. If
the mismatchcourt exceedsthe thresholdd, thel-meris
not passeanto the child. Thusa child nodes setof valid
I-meris simply the setof valid [-mersof the parentthat
eithermatchthelabelof thebranchto thechild or arestill
within anacceptale numbe of mismatchs of the prefix.
The MITRA algorithmis asfollows. We first examine
the root nodethat correspods to the setP of all 4! [-
mersof lengthl. This node pointsto all [-mersin the
sample.We then examine the first child, A. This child
pointsto all of the [-mersin the samplethat have prefix
A (with 0 mismatchesyndto all of the [-mersin the
samplethat have a different prefix (with 1 mismatch).
We contine with a depthfirst searchandtestevery node
to seeif it correspndsto a weak subspae. If yes,we
backrack since thereis no (I,d) — k patternin this
subspce.If we reachdepthl, thenthe nodecorrespods
to an (I,d) — k pattern.We then compue the scoreof
the patternand outputthe patternalongwith the scoreif
it is above somethreshdd that we conside interesting.
Sincewe arefinishedwith this pattern,we backrack in
the tree, collapsethe curreri node, and expand the next
node Sincetheonly expandedhodesarealongthecurrent
searchpath,thereis a maximumof [ storednodes in the
tree (countingthe root node)which bourds the memory
usageof the algorithm.Unlike in the SDA algorithm,we
donotneedto keepall of the patternsn alargetable.
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Fig. 1. A Mismatch Treefor a sequece AGTATCAGIT correspondingto
a searchfor (8, 1) motifs. The substrirgs (instances)(8-mers)in the input
sequenesareAGTATCAG, GTATCAGT andTATCAGTT. Thepathsfrom the
root to the nodesdefinethe labds of the nodes.The nodescontan arecord
for eachsubstringwhich confains (i) the numberof mismatche between
the prefix of a substringin the sequere andthe labd of the nodeand (ii)
a pointer to the tail of the substring.The pointe to the tail of the substring
change position aswe move down thetree.(a) Thetreeis in its initial state
(b) The tree after expanding the path A. (c) The tree after expandng the
path AT'. Notice that one of the instan@s reache the maximumnumber
of allowed mismatchs. This instan@ would not be passedarthe dowvn the
tree.

Considera very simpleexamge of finding the patterns
of length8 with up to 1 mismatchin the input sequece
AGTATCAGTT showvnin Figurel.

A simpletestfor ruling out a nodeis simply chedking
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if it containslessthan k valid [-mers.We refer to this
algorithmasMITRA-Count thatis in factvery similar to
the Spelleralgorithm (Sagotet al. (1995); Sagot(1999).
The main differenceis that Spellerusesa suffix treeto
storethedataandkees pointersto nodesin thesufix tree
ratherthanpointersto the actuall-mersin the sampleIn
Sagot(199B) aworst-caseompleity analysisfor Speller
was presentedwvhich also appliesto MITRA-Count. In
practice, both Speller and MITRA-Count will usudly
needto traverse a significantly smaller portion of the
searchspacethanthe SDA algorithm. This explains why
MITRA-Countis fasterthanSDA eventhoughit paysthe
pendty of updding thedatastructure.

Incor por ating Pairwise Similarity into the Sample
Driven Approach

The key new ingredient of MITRA is aninsight thatthe
informationaboutpairwisesimilaritiesbetweennstance
of thepatterncansignificantlyspeedip thesample-drren
apprach.We take adwentageof this informationusingan
insightfrom Pevznea & Sze(2000. We call this variantof
the MITRA algorithmMITRA-Graph.

We will corstruct a grapgh that modelsthis pairwise
similarity. GivenapatternP andasampleS we constrct
a graph G(P, S) whereeachvertex is an [-mer in the
sampleandthereis an edgeconneting two [-mer if P
is within d mismatche$rom bothi-mers.Foran(l,d) — k
pattern P the corresppnding graph containsa clique of
sizek. Givena setof patternsP anda sampleS, define
agrafh G(P, S) whoseedgesetis a union of edgesets
of graphsG(P, S) for P € P. Eachvertex of G(P, S)
is an/-merin the sampleandthereis anedgeconrecting
two [-mersif thereis a patternP € P thatis within d
mismatchesrom bothi-mers.If for asubspaeof patterns
‘P we canrule out anexisten® of a clique of sizek, then
we canprove thatthe subspae is empty This idealeads
to a significantly more efficient pruring of the mismatch
treethanin MITRA-CountandSpeller To implemen this
idea MITRA-Graph keepslist of the edgesof the graph
G(P, S) ateachnodeof the tree andefficiently updaes
thislist while traversingthetree.

The WINNOWER algorithmby Pevzner& Sze(2000
construts the following graph Eachi-merin the sample
is a vertex. An edgeconrectstwo verticesif the corre-
spondng /-mershave lessthan2d mismatchesNote that
instance®f a (I, d) — k patternform acliqueof sizek in
thisgraph Sincecliquesaredifficult to find, WINNOWER
takesthe approa&h of trying to remove edgesthat do not
correspndto a clique. Onceall of the “spurious edges
areremoved,in mary caseshe problemis easyto solve
sinceonly the cligue remains A problemwith the WIN-
NOWER appoachis that for subtlesignalsmary edges
would remainmakingit difficult to find theclique.

MITRA-Graph adaptsthis idea into our frameavork
and (implicitly) constriets a graphat eachnodein the
mismatchtree. We remove edgeswhich we are certain
are not part of a clique. If no potential clique remains,
we rule out the subspae correspndingto the nodeand
backrack. If we can not rule out a clique, we split
the subspce of patternsconsideredby examining the
child nodesThereexistsaninnovative differerce between
the WINNOWER algorithmandMITRA-Graph.MITRA-
Graphknows the prefix of the patternwhile looking for a
cligue while WINNOWER does not. WINNOWER must
be more conserative in remaving edgesbecase it is
harde to rule out a clique without knowing the prefix of
the pattern.Therefore, MITRA-Graph hasthe ability to
remove edgeanoreefficiently thanWINNOWER.

I mprovements over the WINNOWER

At eachnodeof thetree,we remove edgesby computing
the degreeof eachvertex. If the degree of the vertex is
lessthank — 1, we canremove all edgeghatleadto the
vertex sincewe know it is not partof a clique. We repeat
this proedureuntil we cannotremove ary moreedgeslif
the numberof edge remainingis lessthanthe minimum
numterof edgesin thecliquewe canrule outtheexistence
of acligueandbacktrag.

The problemwith this apprachis how to efficiently
constret the graphat eachnode since building it from
scratchat every nodeof thetreeis impracticd Insteadof
constrieting the graphfrom scratchwe construtit based
on the graphat the paren. Let e be an edgeconrecting
two [-merssuchthatthefirst [-mer matcheghe prefix of
thepatternsubspaewith d; mismatcheandthesecond-
mer matcheswith d, mismatchs. We dende the numter
of mismatche betwea the tails of the first and second
I-mer m. The edgebetweenthesel-mers exists in the
patternsubspae if andonly if d; < d, d, < d and
di+dy+m < 2d.Intherootnodesinced; = d, = 0, an
edgeexistsonly if m < 2d whichis theequiaent graph
to WINNOWER. However, with moving down thetreethe
condtion becoms muchstrongerthanthe WINNOWER
condtion and typically lead to better prunirg. We can
computetheedge of anock basedntheedgesf parents
of the nodeby keepng track of the quantitiesd, d,, and
m for eachedge.

To summarizethe MITRA-Graph algorithmworks as
follows. We first compue the setof edges attheroot node
by performingpairwisecomparisas betweenall [-mers.
We traversethe treein a depthfirst orderpassingon the
valid edgesandkeepng trackof thequantitiesd , d,, and
m. At eachnodewe prunethe graphby eliminatingary
edge which correspad to verticesthat have degrees of
lessthank — 1. If therearelessthantheminimumnumker
of edgedor a clique, we backtrak. If we reacha leaf of
thetree(depthl) thenwe outputthecorrespadingpattern.
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The MITRA-Graph pruningcondtion is very efficient.
For exanple, in the (15,4) challerge problem from
Pevzna & Sze(2000, we typically only needto traverse
the nodesat depth 3 beforewe can rule them out. So
althoudn MITRA-Graph hasa higheroverheadper node
thanMITRA-Count, it typically searche a muchsmaller
space.

DISCOVERING DYAD SIGNALS

For dyad signals,we are interestedin discovering two
monad that occu a certain length apart. We use the
notation(l; — (s, s$2) — ls,d) — k patternto denotea
dyad signal which consistsof two monals (a patternof
lengthl; and patternof lengthl,) separatedy at least
s hucleotids andat mosts, nudeotideswhich occursat
leastk timesin the sample.The key featureof MITRA-
Dyad is a possibility to discorer dyad patternswith
extremdy weakmonad. This is achieredby reducirg the
searchfor (I; — (s, s2) — l5,d) — k dyadpatternto the
search(l; + l,,d) monadpattern.

The MITRA-Dyad algorithm caststhe dyad discovery
probleminto amonaddiscovery problemby prepro@ssing
the input and creatinga “virtual” sampleto solve the
(I1 + I, d) — k monadpatterndiscovery problemin this
sample Thesolutionto this monadproblemin the virtual
sampleis the solutionto thedyad discovery problem

Specificallythe prepraessings asfollows. For eachl -
merin the sampleandfor eachs € [sy, s2] we createan
I, + l,-merwhichis thel,-merconcadenatedwith thel,-
mer upstreams nudeotidesof the [;-mer. Note that the
numker of elementsn the“virtual” monadsamplewill be
apprximately (s, — s; + 1) timeslargerthantheoriginal
sampleAn (I, + I, d) — k patternin the“virtual” monad
samplewill correspndto a (I, — (s1,82) — la,d) — k
patternin the original sampleandwe caneasilymapthe
solutionfrom the monadproblemto the dyad problem

An importart featureof MITRA-Dyad is an ability to
searctfor long patterngseethe Testssection) We remark
thatthe Marsan& Sagot(2000) algorithm may have an
adwentagewhile searchingor shorterpatternsdueto the
useof suffix trees.

If theranges, — s; + 1 of accepabledistancedbetween
monadpartsin a compositepatternis large, the MITRA-
Dyad algorithm becoms inefficient. A simple apprach
to detectthesepatternds to gereratealong rankedlist of
canddate monal patternsusing MITRA andthen check
eachoccurrere from eachpair from the list to seeif
they occu within the acceptale distance The compaite
patternis deteded if this ranked list is long enoud to
containbothmonad thatform thecompoge pattern.

TESTS
Scoring Patterns

Scoringis a centralissuein motif discovery. The scoring
functiors evaluate the multiple alignmen formed by the
instancs of the motif. They vary from a trivial onelike
the numter of instancef the patternin the sampleto a
moreinvolvedlik e distancdrom cons@sus sum-of-pdrs,
entropy-basedscores andothers(see Pevzner (2000).

MITRA is flexible with respetto the particularscoring
functionusedsinceit first selectamary candichtepatterns
and provides an ability to further evaluate eachpattern
(and the resultingmultiple alignmer) with any scoring
function While mostof the motif searchapproabeshave
a fixed scoringfunction, (Bailey & Elkan (1995);Buhler
& Tompa(200)); Lawrene etal. (1993; Neuwald et al.
(1999; Pevzner& Sze(2000))MITRA canbeadapedto
accanmodatenearlyary scoringfunction.

Oneproblemfacedby patternbasedappr@chess that
somepatternsareover representethecaiseof nucledide
bias and low compleity regions. In geneal patterns
that consist of common nucledides in a sample will
occu significantly more often simply by charce than
patternsthat consistof rare nucleotids. Similarly, low
compexity patternsare often overregesentedbecause
of low compgexity regions that may occu in part of the
sample.

A possibleapprachis to setalow thresholdk andthen
scoreall of the patternsthat are returnedwith a scoring
function to determinewhich patternsare statistically
significant. A problemis that there are too mary over-
represatedpatterngo make this approab feasible.If the
threshdd is low enowghthentheoutptt is floodedwith the
over-representegatternsif thethresholdis high enaigh
to reducethe outputsize,the only patternsin the output
aretheoverrepgesentegatterns.

To solve this prodem we usea dynamicthresholdthat
is a function of the pattern.k is increasedr decresed
depeading on the specificpattern.Typically, we increase
thethresholdor overregresenteghatternsuchaspatterns
consistingof common nucledides and low compleity
patterngseeEskinetal. (2002)for details).

Simulated Data

Pevzneg & Sze (2000) defined the challenge prodem
which mary of the best motif discorery method had
difficulties with. The challengeproblem correspods to
finding a (15,4) monad signal of length 15 with 4
“random” mismatchesmplantedat randompositionsin

= 20 randanly generatedeqenceof length = 00.
Perzne & Sze(2000)designe the algorithmsto solve
thechalleng prodem but failedto solve the very difficult
problem of finding (14,4) motifs. Although Buhler &
Tompa(2007), andKeich& Peszner(20@b) desigredthe
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algorithmsto find (14, 4) motifs, amoredifficult problem
of finding motifsthatonly occu in 13 outof 20 sequaces
in the sample(corruged sample)is almostimpossilbe
to solve. Suchmotif will be buried underan avalarche
of on average 1363 “random” motifs (Keich & Pevzne
(20022)b). Thereforethe problemof finding a dyadmotif
consistingof two (14,4) monadmotifs occurringin 13 of
20samplesanrot bereduce to two separat@roblemsof
finding two (14,4) monadsWe definethe dyadchalenge
problemin which 13 of = 20 sequacesof length

= 00 containadyadsignalformedby apairof (14,4)
monadsignalsseparatethy 20 nudeotides.

To evaluate MITRA on syntheticdata,we geneateda
sampleof randon sequacesof length drawvn from a
uniformnucledide distribution. For eachsamplewe gen-
erateda randoml-merwhich represets the tamget signal.
We implantedthe /-mer into eachof the sequeacesat
randaon positiors, eachtime with d mismatche. In amore
biologicdly relevantcaseof “corrupted samplegPevzne
& Sze(2000)),weimplantthel-merinto k sequaces
(in this case — k sequenesdo not containthe signal).
Thisis amoredifficult variationof thechalleng problem.

In this evaluation framework, we assumethat the
paraméers (lengthsand numker of mismatche) of the
signalsthatwe arelooking for are known. Although this
is notareasoableassumptiorin practice,it is reasoable
for an evalugion methoalogy since the methodscan
be exterded to iterate over reasonble settingsof the
paraméersin practice.

By varying [ and d, we geneated the motif finding
problens of differentcomplity and evauatedthe per
formane of PDA, SDA, andMITRA (Tablel). Pevzng
& Sze(2000) shaved thatfor = 00 and = 20
MEME, CONSENSUS and GibbsDMA fail for (11, 3),
(12,3), (13,4), (14,4), (15,4), (1 ,5), (1 ,5), and
(18, ) problens. A new randan projectionsalgorithm
Buhler & Tompa (2001) is able to solve very difficult
problens of (14,4), (1 ,5), and (18, ). MITRA was
ableto solwve all of the problens preseted in the table
including the (14, 4) problem.In addition, MITRA (as
well asSDA andPDA) cansolve the“corrupted” version
of theseproblemswherethe patternoccursin somebut
notall of thesequeaces.

To evalugde MITRA-Dyad we testedit on the dyad
challen@ problem We randomlygenerated sequaces
of length andimplanteda dyad signal into k£ of the
sequecesThedyadsignalweinsertedvasapairof (I, d)
signalsseparatedy 20 bases.For our expaiments we
usedthefollowing parameters = 00, = 20,k = 13,
[ = 14, andd = 4. MITRA wasableto recoserthepattern
by searcing for a (14 — (20,20) — 14,8) — 13 pattern.
It correspndsto approxmately finding a (28, 8) monad
pattern(Tablel). We alsotestedhemethodof vanHelden

PDA SDA M-Count M-Graph
(,) CPU/MEM | CPU/MEM | CPU/MEM | CPU/MEM
(11,2)-20 27012 174 1/5 1/5
(12,3)-20 12002 1/15 1/5 4/100
(13,3)-20 90002 5/65 2/5 2/40
(14,4)-20 —/- 10/250 4/5 10/210
(15,4)-20 —- 20/1050 5/5 5/100
(16,5)-20 —/- 40/4200 25/5 20/400
(18,6)-20 —I- /- 2505 40/650
(28,8)-20 —- —- —- 4/50
(30,9)-20 —I- /- —I- 5/90

Table 1. Theperformane of PDA, SDA, MITRA-Count andMITRA-Graph

on syntheic data.The CPUtime is givenin minutesandthe memoryusage
MEM is given in megabytes. In all experiments, andthe

signaloccursin all of thesequenes( ). Blankentries“—" or entriesin

italics denot the inability for the algorithm to solve the chalengeproblem
becawse of a lack of memory or CPU resourcs. The italics entries are
estimaesof the resouresnecessgy to solve the problem. All experiments
wereperformedon machnewith aPentum 1l 750GHz processoandl GB

of RAM.

Sequene Length | Num MITRA Ref.
(bases)| Segq. Predictons

prepronsulin 7689 4 CCTCAGCCCCC (A)

DHFR 800 4 TGCAATTTCGCGCCAAAC | (B)

metallothionen 6823 4 TGCGCCCGG ©)

c-fos 3695 5 CCATATTAGGACA (D)

yeastECB 5000 5 TTTCCCATTAAGGAAA (E)

Table 2. The perfomanceof MITRA for biological sampleswith monad
motifs from Buhler & Tompa(2001). For eachsample,the predidion of

MITRA is shovn. The nucleotides in the predicted paterns that match
the actual binding site arein bold. Refeences: (A) prepoinsulin promoter
region motif Wingencer et al. (1996). (B) DHFR non-TATA transcription

startsignalMeans& Farnhan(1990).(C) MREa promoterAndersonet al.

(1987).(D)c-fos serumresponse@lementNatsa & Gilman(1995).(E) yeast
earlycell cycle box Mclnery etal. (1997).

etal. (200) usingtheirRSA-dyadwebseneronthesame
sample Their methodfailedto detectthe dyad.

Monad Motifsin DNA Sequences

To evaluateMITRA on biologcal sampleswe apgdied
it to upstreanregions of orthologus geneswith knowvn
motifs from Buhler& Tompa(2001).Sincea priori wedo
notknow the motif length,we simply iterateover possible
lengths.We caneitherdo this directly, or a simplevariant
of MITRA cancomputepatternsof all lengthatthe same
time. By scoringnot only the patternsat the leaves, but
the internal nodes as well, we can compue patternsof
multiple lengthsin a singlerun of MITRA.

Table2 containsasummaryof thedataaswell asresults
of MITRA’s prediction In eachof thecasesMITRA was
ableto recover the correctmotif. Moreover, in 4 out of 5
sampleMITRA wasableto find anotherstrongmotif that
wasnotdocumetedin Buhler& Tompa(2001).

Composite Motifsin DNA Sequences

We applied MITRA-Dyad to two sets of biological
sampleswhere there are known compgite regulatory
signals.The first biological sampleis formed from the
upstreamregions involved in purine metabdism from
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threePyrococusgenomastudiesn Gelfandetal. (2000).
Thesignalis adyadconssting of two monadpatternghat
occu atadistane varyingfrom 22 to 23.

To detectthesesignals,we appliedMITRA-Dyad. We
were able to detet the dyad as shovn in Table 3 by
searchig for (20 — (22, 23) — 20, 10) patternsWe also
applied the RSA-dyad algorithm of van Helden et al.
(2000 to thesamesample Their methodregistereddyacs
insidemary of thecompmentmonadssincethey arelong
signalsandthe endsof the signalsarestronglyconsered.
Since each compaent monadis 20 baseslong, dyad
patternsn theform (3— (14, 14)—3, 0) wouldmatcheach
compamentmonad However, this clearly is not the dyad
thatwe arelooking for, but merelya sideeffect of having
along monadsignalin the sample Their methodwasnot
ableto detectthatthe middle portion of thesemonad are
alsoconsered. In addition their methodwasnot ableto
detectthatthe two consevedregionsformedalong dyad
signal.Note thatto find this signal,Gelfandet al. (2000
madea conjecturethat it is palindromic MITRA-Dyad
doesnot requre suchan assumpion andis ableto find
non-lindromicsignalsaswell.

Name | Dyadsfoundby MITRA-Dyad
purC | TTTGCCAGATATATGTCTAA- - - ( 23) - - TTTTACATAAACATGGTGAA
purF TTCACCATGTTTATGTAAAA- - - (23) - - TTAGACATATATCTGGCAAA
purT | TTAAACATATTTATGITAAA- - - ( 22) - - TTTAACATTTATACGTCAAT
purg ATTAGCACATATATGTAGAA- - - (23) - - ATTGACATTAAATTGCTAGG
purD | GTTAACACGTTTATGTAAAC- - - (23) - - TTTGACTTAAATATGGTGAT
purA ATTAACATAGCCCTGTCAAA- - - (23) - - CTTTACTTACCCTTTGGTAA
purB | ATTTCTACAAATATGTCAAA- - - ( 23) - - TTTACCGTGAAAATGGTGAT

purL-Il ATTGACATTTCTTTGICAAA- - - (22) - - TTTTACATTTTTCTGGCAAA
cons. | ATTAACATATATATGTACAA- (22, 23) - TTTTACATATATATGGTAAA

Table 3. Dyadsignakfrom P. horikoshii (Gelfand etal. (2000))predictedby
MITRA-Dyad. Thelastrow shavs the consensupaternwhichis geneated
by choosihg themostfrequentnucleotide from theinstarcesof the patternat
eachposition.

We alsoanalyzdthesamplesvith compositeegulatory
signalsstudiedby Guha hakurta& Stormo(2001).These
samplesconsst of four setsof S.ceevisiae gene which
areregulaed by two transcriptionfactorswherethe two
transcriptionfactorsbinding sitesoccu neareachothet
In three of the sets, both morad signals are strong

GenelD URS1 UASH Dist.
YDR285W TCGGCGGCTAAAT | GATTCGGAAGTAAA 20
YERO044C-A TGGGCGGCTAAAT | TCTTTCGGAGTCATA 23
YER179W AAATAGCCGCCCA TTGTGTGGAGAGATA 32
YHR014W AAATAGCCGCCGA TAATTAGGAGTATA 19
YNL210W TTTTAGCCGCCGA GGITTTGTAGITCTA 37
MITRA-Dyad TAGGCGCCTA- (9, 27) - TTTGGAG

Table 4. URS1 and UASH motifs from GuhaThakirta & Stormo (2001).
Binding sitesfor the geneupstrean from yeastare shavn wherethe two
componets of the composie patten occur within 50 bases.Distarces
between binding sitesare given A predidion that overlapswith the actua
site is consicered correct. Six sequaces (not shavn) were not analyzed
becaise the URS1 site and UASH site is more than 50 basesapart The
last row shaws the top scoring patten of MITRA-Dyad. The top 3 ranked
patiernswereminor variants of the shovn pattern.

enouwgh to beidentifiedon its own usinga standad motif

finding programsuchas CONSENSUS MEME, ANN-

SpecandGibbssampler(Hertz & Stormo(1999);Bailey

& Elkan (1999; Workmané& Stormo(1999); Lawrence
et al. (1993). The two monad signals for these sets
weredetectedby runring the prograns to first detectthe
stronge of thetwo monals. Theinstance®f the stronger
monal werethendeletedrom seqencesandtheprogran

wasrun over the seqencesa secondime to identify the
secoil monal (GuhaTlakurta& Stormo(2001)).

In thefourth setof genespneof theregulatorysignalss
extremdy weak,makingit difficult to find with a standard
motif finding algorithm. The fourth setof gene is a set
of 11 geneswhich areregulatel by both the URS1 and
UASH transcriptiorfactors For 10 of thesegenes, thetwo
binding sitesare locatedwithin the upstrean region -300
to -1. In 5 of the genesthe binding sitesare within 50
basesf eachother Following the experimentalsetupof
GuhaTlakurta& Stormo(2001), we analyzd thesefive
upstreamregions. In thesesequenes, the URS1 signal
is very strongwhile the UASH signalis very week.The
URS1signalis a (10,2) — 5 signal.If we werelooking
for just the URS1 pattern, MITRA discovered 453 of
thesetypesof signalsandthe actualbinding site wasthe
highest rankingsignal.On the otherhand,the UASH is a
( ,1)—4signal.MITRA discovered14520f thesesignals
andthe actualbinding site wasthe 810th rankirg signal.
This signalis soweakthatit is impossibleto discernthe
bindingsitefrom arandan matchonits own. To detectthe
composite reguatory signal, we applied MITRA-Dyad.
We searchedor (10 — (15,40) — ,3) patternsin the
samplesTheresultis shavn in Table4.

Conclusion

In 1984 Watermanet al. (1984) presentedthe SDA
algorithmfor discovering motifs that searchd the space
of all neighbas of thesubstring in thedata Althoughthis
algorithmis very fastin practiceit requiresa significant
amouwunt of memory(Sagot(19998). In this paperwe have
presered a new motif finding algorithm MITRA that
usesthe sameidea but bypasesthe excessve memory
requirenents of SDA. MITRA usesa new apprachto
pruning the searchspacewhich improves over previous
algorithms.

The MITRA algorithm can be extended to hande
insertionsand deletionsin addition to mismatchesFor
MITRA-Graph, insteadof storing the numbe of mis-
matchesbetwea two tails of instanceswe store their
minimum edit distance.MITRA can also be exterded
to hardle wild card symbds using the data structure
definedin Eskin et al. (2000). A similar techniquecan
be appliedto hande the symbolsin othermeta-alphabts
correspndingto pairsof letterslike purines.
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