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Structuremotifs are amino acid packing patternsthat occur frequentlywithin a setof proteinstructures.We de ne a labeledgraph
representatiorf protein structurein which verticescorrespondo amino acid residuesand edgesconnectpairs of residuesand are
labeledby (1) the EuclidiandistancebetweertheC  atomsof the two residuesand(2) a booleanindicatingwhetherthe two residues
arein physical/chemicatontact. Using this representationa structuremotif correspondso a labeledclique that occursfrequently
amongthe graphsrepresentinghe protein structures. The pairwise distanceconstraintson eachedgein a clique sene to limit the
variationin geometryamongdifferentoccurrencesf a structuremotif. We presentanefcient constrainedsubgraphmining algorithm
to discover structuremotifs in this setting. Comparedwith contactgraphrepresentationghe numberof spuriousstructuremotifs is
greatlyreduced.

Usingthis algorithm,structuremotifs werelocatedfor several SCOPfamiliesincludingthe EukaryoticSerineProteased\uclear
Binding Domains,Papain-lile CysteineProteasesand FAD/NAD-linked ReductasesFor eachfamily, we typically obtaina handful
of motifs within secondof processingime. The occurrence®f thesemotifs throughoutthe PDB were strongly associateavith the
original SCOPfamily, asmeasuredisinga hypergeometricdistribution. The motifs werefoundto cover functionally importantsites
like the catalytictriad for SerineProteasesnd co-factor binding sitesfor NuclearBinding Domains. The fact that mary motifs are

highly family-speci c canbe usedto classifynen proteinsor to provide functionalannotatiorin StructuralGenomicsProjects.
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1. INTRODUCTION

This paperstudiesthe following structuralcomparison
problem:givena setG of threedimensional3D) protein
structures,identify all structuremotifs that occur with
suf®cientfrequeny amongheproteinsn G. Ourstudyis
motivatedby thelargenumberof (> 35; 000) 3D protein
structuresstoredin public repositoriessuchasthe Pro-
teinDataBank(PDB,#). TherecentStructuralGenomics
projects?® aim to generatemary new proteinstructures
in ahigh-throughputashionwhich mayfurtherincrease
the available protein structuressigni®cantly With fast
growing structuredata, automaticand effective knowl-
edgediscoverytoolsareneededo gaininsightsfrom the
available structuredatain orderto generatgestablehy-
pothesesboutthefunctionalrole of proteinsandtheevo-
lutionaryrelationshipamongproteins.

Our study is also motivated by the comple rela-
tionship betweenprotein structureand protein function
8. It is well known that global structuresimilarity does
not necessarilymply similar function. For example,the
TIM barrelsare a large group of proteinswith remark-
ably similar global structuresyet widely varying func-
tions23. Corversely similar function doesnot necessar

ily imply similar global structure:the mostversatileen-
zymeshydro-lyasesndthe O-glycosylglucosidasesre
associateavith 7 differentglobal structuralfamilies 1.

Many globallydissimilarstructureshav corvergentevo-

lution of biologicalfunction. Becausef thepuzzlingre-

lationshipbetweenglobal proteinstructureandfunction,
recentresearcleffort in proteinstructurecomparisorhas
shiftedto identifying local structuralfeatureqreferredto

as structure motifg responsiblefor biological functions
including protein-proteirinteraction ligandbinding,and
catalysis® > 30783 A recentreview of methodsandap-
plicationsinvolved in protein structuremotif identi®ca-
tion canbefoundin *°.

Usingagraphrepresentationf proteinswe formal-
ize the structuremotif identi®cationproblemas a fre-
quentcliqgue mining problemin a set of graphsG and
presenta novel constrainedclique mining algorithmto
obtainrecurringcliquesfrom G that satisfy certainad-
ditional constraints. The constraintsare encodedin
the graph representatiorof protein structure as pair-
wise aminoacid residuedistancespair-wise aminoacid
residueinteractionsandthephysical/chemicagbroperties
of theaminoacidresiduesandtheirinteractionsn apro-
teinstructure.
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Comparedo other methods,our methodoffers the
following advantages.First, our methodis ef®cient. It
usually takesonly a few secondgo processa group of
proteinsof moderatesize(ca. 30 proteins) which makes
it suitablefor processingroteinfamiliesde®nedby var-
ious classi®cationsuchas SCOPor EC (EnzymeCom-
mission). Second,our resultsare speci®c. As we shav
in our experimentalstudy section,by requiringstructure
motifs to recuramonga groupof proteins,ratherthanin
just two proteins,we signi®cantly reducespuriouspat-
ternswithout losing structuremotifs that have clearbio-
logical relevance. With a quantitatve de®nition of sig-
ni®cancebasedon the hypergeometricdistribution, we
®nd thatthe structuremotifs we identify are speci®cally
associateavith the original family. This associatiormay
signi®cantlyimprove theaccurag of feature-basetlinc-
tional annotationof structuresrom structuralgenomics
projects.

The rest of this paperis organizedas follows. In
Section1.1, we review recentprogressin discovering
protein structuremotifs. In Section2, we review def-
initions relatedto graphsandintroducethe constrained
subgraphmining problem. In Section3, we discussour
graphrepresentatiorof proteinsstructures. In Section
4, we presenta detaileddescriptionof our method. We
alsoincludea practicalimplementatiorof the algorithm
that supportsthe experimentalstudy in Section5. Fi-
nally, Section6 concludeswith a brief discussiorof fu-
turework.

1.1. Related work

Thereis anextensve bodyof literatureon comparingand
classifyingproteinsusingmultiple sequencer structure
alignment,suchasVAST ° andDALI 2. Herewe fo-
cuson the recentalgorithmictechniquedor discovering
structuranotifsfrom proteinstructuresThemethodsan
be classi®ednto thefollowing ®ve types:

Depth-®rstsearchstartingfrom simplegeomet-
ric patternssuchastriangles progressiely ®nd-
ing largerpatterns» 25 30,

Geometric hashing, originally developed in
computer vision, applied pairwise between
protein structuresto identify structure mo-
tifs 3; 24; 35.
Stringpatternmatchingmethodghatencodehe
local structureand sequenceanformation of a
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protein as a string, and apply string searchal-
gorithmsto derive motifs 17: 18: 32
Delaunaytessellation(DT) © 2933 partition-
ing the structure into an aggreate of non-
overlapping,irregular tetrahedrahus identify-
ing all uniquenearesneighborresiduequadru-
pletsfor ary protein32.

Graph matching methods comparing protein
structuresmodeledas graphsand discovering

structuremotifs by ®nding recurringsubgraphs
1; 10; 14; 22; 29; 31, 38.

Geometrichashing?! andgraphmatching®® meth-
odshave beenextendedfor inferring recurringstructure
motifs from multiple structuresput both methodshave
exponentialrunningtime in the numberof structuresn a
dataset.

2. CONSTRAINED FREQUENT CLIQUE
MINING

2.1. Labeled graphs

We de®nea labeled graph G as a four-elementtuple
G = (V;E; ; ) whereV is asetof verticesor nodes
andE V V isasetof undirectededges. is aset
of (disjoint) vertex andedgelabels,and : V[ E !

is afunctionthatassigndabelsto verticesandedgesWe
assumehatatotal orderingis de®nedon thelabelsin

P, yp;,
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Fig. 1. DatabaseG of threelabeledgraphs. The mapping(isomorphism)
1! p2,02! p1,andgs ! psz demonstratethatclique Q is isomorphic
to a subgraphof P andsowe saythatQ occursin P. Setf p1;p2; psg isan

embeddingf Q in P. Similarly, graphS (non-clique)occursin both graphP
andgraphQ.

G%= (V% EY isasubgaphof G, denotedoy G°
G, if verticesv® V,andedgeE® (E\ (VO V9),
i.e. E%is asubsebf the edgesof G thatjoin verticesin
Ve

2.2. Constraints on structure motifs

A constaint in our discussions a function that assigns
abooleanvalueto a subgraptsuchthattrue impliesthat
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the subgraphhassomedesiredpropertyand falseindi-
catesotherwise. For example,the following statement
“eachaminoacid residuein a structuremotif musthave
a solvent accessiblesurfaceof suf®cient size” is a con-
straint. This constrainselectonly thosestructuremotifs
thatarecloseto the surfaceof proteins. The taskof for-
mulatingtheright constraint(s)s left for domainexperts.
As partof our computationatoncernwe answerthefol-
lowing two questions:(1) whattypesof constraintscan
be ef®ciently incorporatednto a subgraphmining algo-
rithm and(2) how to incorporatea constraintf it canbe
ef®ciently incorporatedTheanswetrto thetwo questions
is the majorcontribution of this paperandis discussedh
detailsin Section4.

2.3. Graph matc hing

A fundamentapart of our constrainedsubgraphmining
methodis to ®nd anoccurrenceof agraphH within an-
othergraphG. To malke this more precise,we saythat
graphH occursin G if we can®nd anisomorphismbe-
tweengraphH = (V4 ;En; ; n) andsomesubgraph
of G = (Vg;Eg; ; ). Anisomorphismfrom H to
the subgraphof G de®nedby verticesV ~ \§ isa l1-
1 mappingbetweerverticesf : Vi |V thatpreseres
edgesandedge/noddabels. The setV is anembedding
of H in G. Thisde®nitionis illustratedin Figurel.

In this paper we restrict oursehes to matching
cliquesi.e. fully connectegubgraphsFor example,the
graphQ in Figurelisacliquesinceeachpairof (distinct)
nodess connectedy anedgein Q while S is not. In pro-
tein structuregraphs,a clique correspondso a structure
motif with all pairwiseinter-residuedistancespeci®ed.

2.4. The constrained frequent clique
mining problem

Given a set of graphs,or a graph databaseG, we de-
®ne the supportof a clique C, denotedby s(C), asthe
fraction of graphsin G in which C occurs. We choose
a supportthreshold0 < 1, andde®neC to befre-
quentif it occursin atleastfraction of thegraphsn G.

Notethatwhile C mayoccurmary timeswithin a single
graph,for the purposeof measuringsupportthesecount
asonly oneoccurrenceGivenaconstraint , theproblem
of ConstainedFrequentClique Mining is to identify all

frequentcliquesC in agraphdatabas& suchthat (C) is

true. Figure2 shaws all cliques(without any constraint)

csb huan

which appeaiin atleasttwo graphsn the graphdatabase
shavn in Figurel. If we usesupportthreshold = 2=3
without ary constraint,all six cliqueswill be reported
to users. If we increase to 3/3, only cliquesA;, Az,
A3z, andA4 will bereported. If we usesupportthresh-
old = 2=3 andthe constraintthat eachclique should
containsatleastonenodewith label“a”, the constrained
frequentcliquesareAs, Az, A, andAg.

y

@%b @b b——b <

o—

A)  (A) (A (A) (As) (Ae)

Fig. 2. Al (non-empty¥requentcliqueswith support  2=3 in G from Figure
1. Theactualsupportvaluesare:(3/3, 3/3,3/3,3/3, 2/3, 2/3) for cliquesfrom A 1
toAs.

3. HYBRID GRAPH REPRESENTATION
OF PROTEIN STRUCTURES

3.1. Graph representation overview

We model a protein structureas a labeled undirected
graphby incorporatingpairwiseaminoacid residuedis-

tancesand contactrelation in the following way. The
nodesof our protein graphsrepresenthe C atomsof

eachamino acid residue. We createedgesconnecting
eachandevery pair of (distinct) residues|abeledby two

typesof information: (1) The Euclidiandistancebetween
the two relatedC atomsand (2) A booleanindicates
whetherthetwo residuedave physical/chemicatontact.
More precisely a proteinin our studyis a labeledgraph
P=(V;E; ; )where

V is a set of nodesthat representghe set of
aminoacidresiduesn theprotein
E=V V-(uuforalu2V

= v [ e isthesetof disjointnodelabels
( v) andedgelabels( g)

v isthesetof 20 aminoacidtypes

g = R" ftrue;f alsegwhereR" istheset
of positive realnumbers

assigndabelsto nodesandedges.

Our graphrepresentatioganbe viewed asa hybrid
of two popularrepresentationf proteins:thatof distance
matrix representatiofi andthatof contactmaprepresen-
tation®3,
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In practicewe are not concernedwith interactions
overlongdistancegsay> 13A), soproteinsneednotbe
representethy completegraphs. Sinceeachaminoacid
occupiesa real volume, the numberof edgesper vertex
in the graphrepresentatiortan be boundedby a small
constant.

Thegraphrepresentatiopresentedhereis similar to
thoseusedby othergroups®® 3. The major difference
is thatin our representatiorgeometricconstraintsarein
theform of pairwisedistanceconstrainteandareembed-
dedinto the graphrepresentatioto modelgeometrically
conseredpatterns Theabsencef geometricconstraints
canleadto mary spuriousmatchesasnoticedin 2% 38,
Anotherdifferenceis thatwe explicitly specifythe“con-
tact” relation. The contactrelationenablesisto incorpo-
ratevariousconstraintsnto the subsequergraphmining
processandfurtherreducerrelevantpatterns.

In the following, we discusshow to discretizedis-
tancesnto distancebins,whichisimportantfor ourstruc-
ture motif identi®cationalgorithm.

=4 d<I<Ss | 85<l=7 7<1=85
1 2 3 4
85<I=10 | 10</=115 11.5<!
5 6 7

Fig. 3. Mappingdistances to bins. Theunitis A.

3.2. Distance discretization

To map continuousdistancedo discretevalues,we dis-

cretizedistancento bins. Thewidth of suchbinsis com-
monly referredto asthe distancetolerance andpopular
choicesarel A 22, 1.5A %, and2 A 26, In oursystemwe

choosethe mediannumberl.5 A asshown in Figure 3,

which empirically deliverspatternswith goodgeometric
conseration.

4. THE CONSTRAINED CLIQUE
MINING ALGORITHM

In this section,we presenta detaileddiscussionon (1)
whattypesof constraintcanbe incorporatecef®ciently
into a subgraphmining algorithmand (2) how to incor
poratethem.

Our stratayy relieson designinggraphnormalization
functionsthatmapcliquesto onedimensionakequences
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of labels. A graph normalizationfunctionis a 1-1 map-
pingN suchthatN (G) = N (G9 if andonlyif G = G°
In otherwords, a graphnormalizationfunction always
assignsa uniquestring to eachuniquegraph. The string
N (G) is the canonicalcode(codein short)of the graph
G with respecto thefunctionN .

Many graphnormalizationfunctionshave a very de-
sirableproperty:pre®x-presersation. A graphnormaliza-
tion function is pre x-preservingif for every graphG,
there always exists a subgraphG° G suchthat the
codeof GYis a pre®x of the codeof G. Examplesof
pre®x-preservinggraphnormalizationfunctionsinclude
the DFS code®® andthe CAM code'®. As we provein
Theoremd.8,with agenericdepth®rst searchalgorithm,
apre®x-preservingraphnormalizationfunctionguaran-
teesthatno frequentconstrainegatternscanbe missed.
Thedesignchallengehereis to construciagraphnormal-
ization functionthatis pre®x-preservindgn the presence
of constraints.

4.1. A synthetic example of
constraints

The following constraintis our driving examplefor con-
strainedclique mining. The constraintstatesthat we
shouldonly reportfrequentcliquesthat containat least
one edgelabel of “y”. The symbol“y” is selectedto
malke the constraintworks bestwith the graphexample
we shaw in Figure 1. Applying this constraintto all the
frequentcliquesshown in Figure2, we ®nd thatthereare
only threecliquessatisfyingthe constraint,namely A4,
As, andAg. We namethis simpleconstraintan edce la-
bel constaint and shav a speci®cgraphnormalization
functionthatis pre®x-preservindor this edgelabelcon-
straint. Beforewe do that, we introducea normalization
thatdoesnot supportary constraints.Our ®nal solution
will adaptthis constraint-unevare graph normalization
function.

4.2. A graph normalization function
that does not suppor t constraints

We useour previouscanonicakcode®® for graphnormal-
ization,outlinedbelow for completeness.

Givenann n adjaceng matrix M of a graph
G with n nodes,we de®ne the code of M, denoted
by cod€M ), as the sequenceof lower triangular en-
triesof M (includingthe nodelabelsasdiagonalentries)
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intheorder:M1.1M2.1M2.2: M p. 1M p.2::M i 1M
whereM;; representtheentryattheithrow andj th col-
umnin M . Sinceedgesareundirectedve areconcerned
only with the lower triangularentriesof M. Figure 4
shavs examplesof adjaceng matricesandcodesfor the
labeledgraphQ shawn in thesame®gure.

The lexicographicorder of sequencesle®nesa to-
tal order over adjaceng matrix codes. Given a graph
G, its canonicalcode denotedby F (G), is the max-
imal codeamongall its possiblecodes. For example,
F(M1) =“bybyxd shavn in Figure 4 is the canonical
codeof thegraph.

G
b
qu/ Lbl | | b a a
B‘ y y|lb > |ylb > |ylb > [xlb
b yix|la xlyla xlylb ylylb
(Q(;|3 M, M, M, M,

Fig. 4. All possibleadjaceng matricesfor theclique Q. Sinceadjaceny ma-
tricesfor undirectedgraphare symmetric,only the lower triangularpart of the
matricesareshown. Usinglexicographicorderof symbols:y > x > d > ¢ >
b > a > 0,wehaecode(M1) =%ybyx& > code(M 2) = %ybxy&
> code(M3) = 2aybxyl > code(M 4) =2aybxyl. Hencecode(M 1) is
the canonicakodefor thegraphQ.

4.3. A graph normalization function
that suppor ts constraints

In this section,we introducethe de®nition of a generic
graph normalizationfunction In the following two
sections,we show the applicationsof the genericgraph
normalizationfunction . In Section4.4, we shawv that
severalwidely usedconstraintgor proteinstructuremo-
tifs leadto awell-de®nedfunction . In Section4.5,we
shaw thatthefunction canbeusedin adepth-®rstcon-
strainedclique searchprocedureto make surethateach
constrainedrequentclique is searchednceandexactly
once.

De nition 4.1. Giventhe graphnormalizationfunction
F with its codomain and a constraint , a generic

graph normalization function , isafunctionthatmaps
agraphGto recursvelyas:
8
> F(G) if (G)isfalse
(G) = F(G) ifjv(G)j=1
7  max_  (GY$F (G) otherwise
G° G; (GY

whereG is a subgraplof G with sizeonelessthanG;
(GY$f (G) is the concatenatiorof the codeproduced
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by (GY, thesymbol$, andthecodeF (G). We assume
thatthesymbol$ is notin theset andwe usethis sym-
bol to separatdifferent partsof the genericgraphnor-
malization.Thetotal orderingon strings(max)is de®ned
by lexicographicalorderwith the underlyingsymbolor-
deringassumedrom

Example4.1. Applying thegenericgraphnormalization
to the graphQ shown in Figure 4, with the graphnor-
malizationF bethe canonicalkcodewe discussedn Sec-
tion4.2, (G) is b$byb$bybyxa. bybyxa is asuf®x of the
codesinceit is thecanonicatodeof graphQ. In asearch
for (Q), two subgraph®f Q thatsatisfythe edgelabel
constraintaresearchedOneis a singleedgeconnecting
nodeswith labels“b” and“b” with anedgelabel“y” and
the otheris alsoa singleedgeconnectingnodeswith la-
bels“a” and“b” with anedgelabel“y”. Sincethecanon-
ical codefor the ®rst (“byb”) is greaterthanthat of the
second“bya”), we putstring“byb” beforethestring“by-
byxa” andobtain“byb$bybyxa”. Finally we adda single
“b” beforethestring“byb$bybyxa”atthelaststepof the
recursve de®nitionandwe have (G) = b$bybSbybyxa.

Theorem 4.1. (G) existsfor every graph G with the
edce label constaint.

Proof. Let's®rstassuméhatagraphG containsanedge
label“y”. We claim thattherealwaysexists a subgraph
GP of G that also containsthe samelabel. This obser
vationsuggestshatwe canalways®nd atleastoneG’in
therecursve de®nition,andhence (G) isde®ned.If the
original G doesnot containary edgelabel“y”, its code
is F (G), whichis alsode®ned. O

Theorem4.2. isal-1mappingandthusagraphnor-
malizationfunction.

Proof. If two graphsareisomorphic,they mustgive the
samestring, accordingto the de®nitionof . To prove
thattwo graphsthat have the samecanonicalstringsare
isomorphic,noticing that the last elementof a label se-
quenceproducedby is F(G) whereF is agraphnor-
malizationprocedure.Thereforetwo identical sequence
mustimply thesamegraph,asguaranteetby F . O

Theorem4.3. For all G sudithat (G) istrue, there ex-
istsa subgaphG® G with sizeonelessthan G sud
that (G9 istrueand (G9isaprex of (G).
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Proof. This propertyis a direct result of the recursve
de®nition4.1. |

We noticethatin proving Theoremst.2 and4.3,we
do not usethe de®nition of the constraint . In other
words, Theorems4.2 and 4.3 canbe proved aslong as
we have Theoremd.1. Therefore we have thefollowing
theorem:

Theorem 4.4. If  is de ned for every graph with re-
spectto a given constaint is 1-1 and pre xing-
preserving

Proof. Thisis a directresultof the recursve de®nition
4.1. O

4.4. More examples related to protein
structure motifs

Let's ®rst view areal-world exampleof constrainthatis
widely usedin structuremotif discovery. The connected
componentconstaint (CC constraintfor short) asserts
thatin a structuremotif, eachaminoacidresidueis con-
nectedo atleastanotheraminoacidresidueby a contact
relationandthatthemotif is aconnectedomponentvith
respectto the contactrelation. The intuition of the CC
constrainis thata structuremotif shouldbe compactand
hencehasno isolatedaminoacid residue.To be formal,
the CC constraintis a function ccthatassignsvaluetrue
to agraphif it is aconnectedomponentccordingo the
contactrelationandfalseotherwise.

As anotherexample,the contactdensityconstaint
assertshattheratio of the numberof contactsandtheto-
tal numberof edgesn astructuremotif shouldbegreater
thana prede®nedhreshold. Suchratio is referredto as
the contactdensity(density) of the motif and the con-
straintis referredto asthe density constraint. The in-
tuition of the densityconstraintis that a structuremotif
shouldbecompactandtheaminoacidresiduesn themo-
tif shouldwell interactwith other This constraintmay
be viewed asa morestrict versionof the CC constraint
which only requiresa motif to be connectedcomponent.
Again, to beformal, thedensityconstraints afunctiond
thatassignsvaluetrueto a graphif its contactdensityis
atleastsomeprede®nedhresholdandfalseotherwise.

It would be an awkward situationif we needto de-
®ne anew graphnormalizationprocedurdor eachof the
constraintsve discussabove. Fortunately this is not the
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case. In the following discussionwe shov that generic
graphnormalizatiorfunction is well de®nedfor these
two constraints.

Theorem4.5. (G) existfor everygraphG with respect
to the CC constaint or thedensityconstaint.

Proof. We only shav the proof of the theoremfor the
CC constraintandthat for the densityconstraintcanbe
provedsimilarly. Thekey obsenationis for every graph
G of sizen thatis a connectedomponentvith respecto
thenodecontactrelation,thereexistsasubgrapiG® G
suchthat G°is a connecteccomponentccordingto the
samecontactrelation. The obsenationis a well-known
resultfrom graphtheoremanda detailproofcanbefound
in 15, 0

Following Theoremd.4,we have thefollowing theo-
rem.

Theorem4.6. isal-1mappingandpre x-preserving
for the CC constaint or the densityconstaint.

After working severalexampleconstraintsye study
thesuf®cientandnecessargonditionsuchthatourgraph
normalizationfunction  is well de®nedfor a constraint

. Thefollowing theoremformalizethe answer

Theorem4.7. Givenaconstaint , (G) existfor every
graphG with respecto theconstaint  if andonlyif for
ead graphG of sizen sudhthat (G) istrue, there exists
asubgaphG® G ofsizen 1sudithat (G9 isalso
true.

Proof. (if) For agraphG suchthat (G) is true,if there

existsoneG® G suchthat (G9 is alsotrue, by the
de®nitionof , (G) exists.
(only if) If (G) existsfor every graphG with re-

spectto a constraint , for a graphG suchthat (G) is
true, by the de®nitionof , we alwayshave at leastone
G® G suchthat (G9 is alsotrue. O

4.5. cliguehashing

We have designedan ef®cient algorithmidentifying fre-
quentcliquesfrom a labeledgraphdatabasevith con-
straintsasdescribedelov. At thebeginningof thealgo-
rithm we scanagraphdatabasand®ndall frequentnode
types(line 1-4,Figure5). Thenodetypesandtheiroccur
rencesarekeptin a hashtablecounter At a subsequent
step,afrequentcliquewith sizen  1is pickedfrom the
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7
CligueHashing(G, , ) backtrack_search(top; O; )
begin begin
1. for eachnodelabelt 2 (v);v 2 V[G];G 2 Gdo 1. for eachcliqueh 2 O do
2. counter[t] counter[t][ fvg 2. oY ffjf = h[ v;h V[G];v2 (V[G] h)g
3. C CJ ftg 3. for eachoccurrencef acliquef 2 0%do
4. endfor 4, t (f)
5.fort 2 Cdo 5. counter[t] counter[t][ ffg
6. if(s(t) , (s)istrue) do 6. C CJ ftg
7. F F [ backtracksearchi, counter[t]) 6. endfor
8. endif 7. endfor
9. endfor 8. for eacht 2 C do
10.returnF 9. if(s(t) ,tov t,and (t)istrue)do
end 10. F F [ backtracksearch(tcounter][t])
11. endif
12.endfor
13.returnF
end
Fig. 5. The CliqgueHashingalgorithmwhich reportsfrequentcliques,F , from a group of graphsG with supportatleast andwith a constraint . is thegraph

normalizationfunctionde®nedin De®nition4.1.x v vy if stringx is apre®xof stringy. s(G) is the supportof agraphG.

hashtableandis extendedto all possiblen + 1 cliques
by attachingoneadditionalnodeto its occurrencesn all
possibleways. Thesenewly discoreredcliquesandtheir
occurrencesare againindexed in a separatéhashtable
andenumeratedecursvely. Thealgorithmbacktrackgo
the parentsof a clique if no further extensionfrom the
cliqueis possible. The overall algorithm stopswhenall
frequentnodetypeshave beenenumeratedWe illustrate
the CligueHashingalgorithm, with the edgelabel con-
straint,in Figure6.

Theorem4.8. If iswellde nedfor all possiblegraphs
with theconstiaint , the CligueHashingalgorithmiden-
ties all frequent constained cliques from a graph
databasexactlyonce

Proof. The pre®x preservingpropertyof De®nition 4.1
implies that at leastone subcliqueof a frequentclique
will passthe IF statementof line 9, in the back-
track searchprocedurdn CliqueHashing.Thereforethe
algorithmwill not missary frequentcliquesin the pres-
enceof aconstraint .

The proof that the algorithm discovers every con-
strainedrequentcliguesexactlyoncemaynotbeobvious
at®rst glance.Thekey obsenationis thatfor a clique G
of sizen, thereis only onesubcliquewith sizen  1that
hasacodematchingapre®xof (G). If wecanprovethe
obsenation, by theline 9 of the backtracksearchproce-
dure, the CliqueHashingalgorithmguaranteeshat each
constrainedrequentcliqueswill be discoreredexactly

once.
To prove the obsenation,we assumeo the contrary
thatthereareat leasttwo suchsubcliqueswith the same
sizeandboth give codesaspre®xesof (G). We claim
that one of the two codesmustbe a pre®x of the other
(by the de®nitionof pre®x). The claim leadsto the con-
clusionthatoneof two subcliquesnustbea subcliqueof
the other (by the de®nitionof ). The conclusioncon-
tradictsour assumptiorthatthe two subcliqueshave the
samesize. |

o og
@ |ty
0" | {pa}
{ps}
{a,}
{as}
{sq}
{sa}
@ iy
{a,}
{s}

“byb” {P2, Ps}
{a,, a3}
2Py}
{a,,9.}

{s1.85}

“bya" “bybyxa” | {p,, Ps, P1}

{0y, Gar G0}

step3

step2

stepl

Fig.6. Thecontentof thehashtablecounterafterapplyingthe
CliqueHashinalgorithmto thedatasetshavn in Figurel with
theedgelabelconstraint.
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Fig. 7. A graphdatabasef threegraphswith multiple labels.

e | {pg}
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{sa} ahybo
° | iogt {9y a3} [—
{og} Hya | {p,pi}
{a.} {90.0,} step3
{ag} {93.0}
{s)) {s1S2}
{sq) )
2 | {p}
Ch stepz

{5}

stepl

{p,. p3}

3ybyxa® | {p,, Ps. P4}
{4y, 9. G2}

Fig. 8. thecontentof the hashtablecounterafterapplyingthe
CliqueHashinglgorithmto the datasetshavn left.

4.6. CligueHashing on Multi-labeled
Graphs

A multi-labeledgraphis a graphwheretherearetwo or
more labelsassociatedvith a single edgein the graph.
The CliqueHashingalgorithm can be appliedto multi-
labeledgraphdirectly without majormodi®cations.The
key obsenationis that our enumeratioris basedon oc-
currence®f cligues(line 3in functionbacktracksearch).
In Figure 7, we shav a graphdatabasevith threemulti-
labeledgraphs.In ®gure8, we show (pictorially) how the
CliqueHashingalgorithm can be appliedto graphswith
multilables.

In the context of the structuremotifs detection han-
dling multi-labeledgraphsis importantfor the following
reason. First, dueto the imprecisionin 3D coordinates
datain motif discovery, we needto toleratedistancevari-
ationsbetweerdifferentinstance®f thesamemotif. Sec-
ond, partitioningthe 1D distancespaceanto distancebins
is not a perfectsolutionsincedistancevariationscannot
be well handledat the boundaryof the bins. In our ap-
plication distancebins may leadto a signi®cantnumber
of missingmotifs. Using a multi-labeledgraphwe can
solve the boundaryproblemby using“overlapping”bins
to take careof boundaryeffect.
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5. EXPERIMENTAL STUDY
5.1. Experimental setup

To exclude redundantstructuresfrom our analysis,we
usedthe culled PDB list (http://www.fccc.edu/research/
labs/dunbrack/pisces/culledptiml) with sequenceim-
ilarity cutoff value90% (resolution= 3.0, R factor=1.0).
This list containsaboutone quarterof all proteinstruc-
turesin PDB; remainingonesareregardedasduplicates
to proteinsin the list. We study four SCOPfamilies:
Eukaryotic SerineProteasg ESP), Papain-like Cysteine
Protease(PCP), Nuclear Binding Domains (NB), and
FAD/NAD-link ed reductasgFAD). Eachprotein struc-
ture in a SCOPfamily wascorvertedto its graphrepre-
sentationasoutlinedin Section3. The pairwiseamino
acid residue contactsare obtained by computing the
almost-Delaunagdges’® with = 0:1 andwith length
upto 8.5A, aswasalsodonein 4. Structuremotifs from
a SCOPfamily were identi®ed using the CliqueHash-
ing algorithmwith the CC constraintthat states“each
aminoacidresiduein a motif shouldcontactat leastan-
otherresidueandthemotif shouldbeaconnectedtompo-
nentwith respecto the contactrelation”. Timings of the
searchalgorithmwerereportedusingthe samehardware
con®guratiorusedin'4.

In Table 1, we documentthe four families includ-
ing their SCOPID, total numberof proteinsin the family
(N), the supportthresholdwe usedto retrieve structure
motifs( ), andtheprocessingime (T, in seconds)in the
sametable,we alsorecordall the structuremotifs identi-
®ed, giving the motifs' compositionga sequencef one-
letter residuecodes) actualsupportvalues( ), thenum-
ber of occurrencesutsidethe family in the representa-
tive structuresn PDB (referredto asthe badkgroundfre-
quencieshereafter)( ), andtheir statisticalsigni®cance
in thefamily (P). Thestatisticakigni®cancéas computed
by a hypergeometriddistribution, speci®edn Appendix
7.1. Imagesof protein structureswere producedusing
VMD 16 andresiduesn theimageswerecoloredby the
residueidentity usingdefault VMD settings.

5.2. Eukaryotic serine protease

Thestructuremotifsidenti®edfrom the ESPfamily were
documentedtthetop partof Tablel. Thedataindicated
that the motifs we found are highly speci®cto the ESP
family, measuredy P value 10 8. We haveinves-
tigatedthe spatialdistribution of theresiduesoveredby
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Tablel. Motifs

Motif | Composition | | | log(P) | Motif | Composition | | | log(P) | Motif | Composition | | [ log(P)

EukaryoticSerineProteas€ID: 50514)N : 56 : 48/56,T: 31.5
1 DHAC 54 | 13 100 14 DHAC 50 6 100 27 DASC 49 | 20 92
2 ACGG 52 9 100 15 HACA 50 8 100 28 SAGG 49 | 31 90
3 DHSC 52 | 10 100 16 ACGA 50 | 11 100 29 DGGL 49 | 53 83
4 DHSA 52 | 10 100 17 DSAG 50 | 16 100 30 DSAGC 48 | 9 99
5 DSAC 52 | 12 100 18 SGGC 50 | 17 100 31 DSSC 48 | 12 97
6 DGGG 52 | 23 100 19 AGAG 50 | 27 95 32 SCSG 48 | 19 93
7 DHSAC 51 9 100 20 AGGG 50 | 58 85 33 AGAG 48 | 19 93
8 SAGC 51 | 11 100 21 ACGAG 49 | 4 100 34 SAGG 48 | 23 88
9 DACG 51 | 14 100 22 SCGA 49 | 6 100 35 DSGS 48 | 23 94
10 HSAC 51| 14 100 23 DACS 49 | 7 100 36 DAAG 48 | 27 89
11 DHAA 51 | 18 100 24 DGGS 49 8 100 37 DASG 48 | 32 87
12 DAAC 51 | 32 99 25 SACG 49 | 10 98 38 GGGG 48 | 71 76
13 DHAAC 50 5 100 26 DSGC 49 | 15 98

Papain-lile cysteineproteas€ID: 54002)N : 24, : 18/24,T: 18.4
1 HCQS 18] 2 34] 3 WWGS [ 18] 3 4] 5 | WGSG [18] 5] 43
2 HCQG 18| 3 34 4 WGNS 18| 4 44

Nuclearreceptotdigand-bindingdomain(ID: 48509)N : 23, :17/23,T: 15.3
1 FQLL 20 21 43] 3 | DLQF J17] 8] 39] 4 [ LQLL  [17]40] 31
2 DLQF 18 7 42

FAD/NAD-linkedreductas€ID: 51943)N : 20 : 15/20,T: 90.0
1 | AGGG [17]34] 34] 2 | AGGA [17]91] 27 ]

thosemotifs, by plotting all residuescoveredby at least
one motif in the structureof a trypsin: 1HJ9, shavn in
Figure 9. Interestinglywe found that all theseresidues
arecon®nedto thevicinity of thecatalytictriad of 1HJ9,
namely: HIS57-ASP102-SER195,0n®rming a known
fact that the geometryof the catalytictriad andits spa-
tially adjacentresiduesarerigid, which is probablyre-
sponsiblefor functionalspeci®cityof theenzyme.

12 15 18 20 %
Family Size

Fig. 9. Left: Spatialdistribution of residuegoundin 38 commonstructuremo-
tifs within protein1HJ9. Theresidueof catalytictriad, HIS57-ASP102-SER195,
are connectecby white dottedlines. Right: Performancecomparisonof graph
mining (GM) andgeometrichashing(GH) for structuremotif identi®cation.

We found that there are ®ve motifs that occur sig-
ni®cantly (P value < 10 7) in anotherSCOPfamily:
ProkaryoticSerineProteasddetailsnot shavn). Thisis
not surprisingsinceboth prokaryoticandeukaryoticser
ine proteasearequitesimilaratbothstructuralandfunc-
tional levels andthey sharethe sameSCOPsuperamily
classi®cation Noneof the motif hassigni®cantpresence

outsidethesetwo families.

Comparingto our own previous study that uses
genericsubgraphmining algorithm (without constraints
and without utilizing pairwise amino acid residuedis-
tanceinformation), and pairwise structuralcomparison
performedby othergroups? 10 22 31; 29; 38 "\ye report
a signi®cantimprovementof the “precision” of structure
motifs. For example,ratherthanreportingthousand®of
motifs for asmalldatasetlik e serineproteases® 4, we
reporta handful of structuremotifs that are highly spe-
ci®c to the serineproteasefamily (as measuredy low
P -values)andhighly speci®cto the catalyticsitesof the
proteins(asshavnin Figure9).

To furtherevaluateour algorithm,we randomlysam-
pletwo proteinsfrom theESPfamily andsearctfor com-
monstructuremotifs. We obtainan averageof 2300mo-
tifs perexperimentfor atotal of thousanduns. Suchmo-
tifs are characterizedby poor statisticalsigni®canceand
werenot speci®cto known functionalsitesin the ESP If
we requirea structuremotif to appeaiin atleast24 of a
31 randomlyselectedESPproteinsand repeatthe same
experimentwe obtainanaverageof 65 motifs perexper
imentwith improvedstatisticalsigni®cance.This exper
iment demonstrateshat comparinga group of proteins
improvesthe quality of the motifs, asobsenedby 38,

Besideimproved quality of structuremotifs, we ob-
sene asigni®cantspeedup for our structuremotif com-
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parisonalgorithm comparingto other methodssuchas
geometrichashing At theright partof Figure9, we shav
performanceomparisorof graphmining (GM) andgeo-
metric hashing(GH)?* ( executabledownload from the
companionwebsite)for serineproteases.We notice a
generaktrendthatwith theincreasinghumberof proteins
structuresthe running time of graphmining decreases
(sincethereare fewer commonstructuremotifs) but the
running time of geometrichashingincreases.The two
techniquedave differentsetof parameterthatmake ary
directcomparisorof runningtime dif®cult, however, the
trendis very clearthatgraphmining hasbetterscalability
thangeometrichashingor datasetcontaindargenumber
of proteinsstructures.

Fig. 10. Left: Residuesncludedin the motifs from PCPfamily in protein
1CQD. Theresiduesn catalyticdyad CYS27-HIS161are connectedy a white
dottedline andtwo importantsurroundingesiduesASN181land SER182arela-
beled. Right: Residuesncludedin motifs from the NB family in protein 10VL.
ThelabeledresidueGLN 435 hasdirectinteractionwith the cofactorof the pro-
tein.

5.3. Papain-like cysteine protease and
nuclear binding domain

We appliedour approachto two additional SCOPfam-
ilies: Papain-Like CysteineProteasg PCR ID: 54002)
andNuclearReceptoiLigand-BindingDomain(NB, ID:
48509).Theresultsaredocumentedn themiddle partof
Tablel.

For the PCP family, we identi®ed ®ve structure
motifs which coveredthe catalytic CYC-HIS dyad and
nearbyresiduesASN andSERwhich areknown to inter-
actwith thedyad”’, asshawn in Figure10. For the NB
family, we identi®edfour motifs? which mapto the co-
factorbinding sites®’, shown in the same®gure. In ad-
dition, four memberamissedby SCOP:1srv, 1khq, and
loOewereidenti®edfor the PCPfamily andsix members
1sj0,1rkg, 1osh,1nq7,1pq9,1nrl wereidenti®edfor the
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NB family.

Fig. 11. Themotif appearsn two proteins1LVL (belongsto the FAD/NAD-
linked reducataséamily without Rossmarfold ) and 1JAY (belongsto the 6-
phosphogluconatdehydrogenase-lé N-terminaldomainfamily with Rossman
fold) with conseredgeometry

5.4. FAD/NAD binding proteins

In the SCOP databasethere are two superfimilies of
NADPH binding proteins the FAD/NAD(P)-bindingdo-
mainsandthe NAD(P)-bindingRossmann-foldiomains,
which shareno sequencer fold similarity to eachothet
This presentsa challengingtest casefor our systemto
checkwhetherwe would be ableto ®nd patternsacross
thetwo groupswith biologicalsigni®cance.

To addresshe question,we applied our algorithm
to the largestfamily in SCOPFAD/NAD(P)-bindingdo-
main: FAD/NAD-linked reductase4SCOPID:51943).
With supportthreshold15/20,we obtainedtwo recurring
structuremotifs from the family, andboth shaved strong
statisticakigni®cancen theNAD(P)-bindingRossmann-
fold superfimily asshown in bottompartof Table1.

In Figure11, we shov a motif thatis statisticallyen-
richedin both families; it hasconsered geometryand
is interactingwith the NADPH moleculein two proteins
belongingto the two families. Notice thatwe do not in-
cludeary informationfrom NADPH moleculeduringour
searchandweidenti®edthis motif dueto its strongstruc-
tural conserationamongproteinsin a SCOPsuperam-
ily. Thetwo proteinshave only 16% sequencsimilarity
andadoptdifferentfolds (DALI z-score4.5). Theresult
suggestghat signi®cantly commonfeaturescan be in-
ferredfrom proteinswith no apparensequencendfold
similarity.

aStructuremotifs 2 and3 have the sameresiduecompositionbut they have differentresiduecontactpatternsandthereforeregardedastwo patterns.

They do not mapto the samesetof residues.
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5.5. Random proteins

Our lastcasestudyis a controlexperimentto empirically
evaluatethestatisticalsigni®canceof the structuremotifs
regardles®f theP value de®nition. To thatend,20 pro-
teinswererandomlysampledrom theculled PDBist in
orderto obtaincommonmotifs with support 15. The
parameter20 and 15 weresetup to mimic the sizeof a
typical SCOPfamily. We repeatedhe experimenta mil-
lion times, and did not ®nd a single recurringstructure
motif. Limited by the availablecomputationatesources,
we did not testthe systemfurther; however, we arecon-
vincedthat the chanceof observinga randomstructure
motif in our systemis rathersmall.

6. CONCLUSION
We presenta methodto identify recurringstructuremo-

tifs In a proteinfamily with high statisticalsigni®cance.

This methodwas appliedto selectedSCOPfamiliesto

demonstratéts applicability to ®nding biologically sig-
ni®cant motifs with statistical signi®cance. In future
studies,we will apply this approachto all families in

SCOPaswell asfrom otherclassi®cationsystemssuch
asGeneOntologyandEnzymeClassi®cation.Theaccu-
mulationof all signi®cantmotifs characteristiof known
proteinfunctionalandstructuraffamilieswill aid protein

structuregesultingfrom structuralgenomicsrojects.
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7. APPENDIX

7.1. Statistical signi cance of
structure motifs

Any cliquesthat are frequentin a SCOPfamily are checled against
a data set of 6500 representate proteinsfrom CulledPDB 36, se-
lectedfrom all proteinsin the ProteinDataBank. For eachclique c,
we usedUliman's subgraphisomorphismalgorithm 34 to searchfor
its occurrence(sandrecordthe searchresultin an occurencevector
V = vi;Vv2;:::;vn, Wherey; is 1if c occursin the proteinp;, and
0, otherwise. Suchcliquesarereferredto as structuremotifs. We de-
terminethe statisticalsigni cance of a structuremotif by computing
therelatedP -value,de ned by a hypergeometricdistribution . There
arethreeparameterfn our statisticalsigni canceformula: a collection
of representate proteinsM , which standsfor all known structuresn
PDB;asubsebf proteinsT M in whichastructuremotif m occurs,
a subsetof proteinsF M standsfor the family we would like to
establishthe statisticalsigni cance. The probability of observinga set
of motif m containingproteinsK = F \ T with sizeatleastk is given
by thefollowing formula:
k 1 iFi iMijj Fj
i iTi i
iMj
iTj

P value=1

@

i=0

wherejX j is the cardinalityof asetX . For example,if a motif m oc-
cursin every memberof afamily F andin no proteinsoutsideF (i.e.
K = F = T) for alargefamily F, we would estimatethatthis motif
is speci cally associatedvith the family; the statisticalsigni cance of
suchcaseis measuredby aP value closeto zero.

We adoptthe Bonferronicorrectionfor multiple independenhy-
pothese$’: 0:0015Cj, wherejCj is the setof catgories,is usedas
the default thresholdto measurehe signi cance of the P -value of in-
dividual test. Sincethe total numberof SCOPfamiliesis 2327,agood
startingpoint of P -valueupperboundis 10 7.

7.2. Background frequenc y

Using the culledpdblist (http://wwwfccc.edu/researdiabsfiunbrack/
pisces/culledpdbtml) as discussedn Section5.1, we obtain around
6000proteinsasthedrepresentaté proteinsin PDB. Wetreatthepro-
teinsasa samplefrom PDB andfor eachmotif, we estimateits back-
groundfrequeng (the numberof occurrencedn proteins)usinggraph
matching.Speci cally, eachsampleproteinis transformedo its graph
representationsingtheprocedureputlinein Section3 andwe usesub-
graphisomorphismtestingto obtainthe total numberof proteinsthe
motif occursin.



