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ABSTRACT

The 3D conformationof a proteinmay be compactlyrepresented
in asymmetrical squarepooleanmatrix of pairwise,interresidue
contactspr “contactmap”. Thecontactmapprovidesahostof use-
ful informationaboutthe protein's structure.In this paperwe de-
scribehow datamining canbeusedto extractvaluableinformation
from contactmaps.For example clustersof contactgepresenter
tain secondanstructuresandalso capturenon-localinteractions,
giving cluesto thetertiary structure.

In this paperwe focuson two maintasks: 1) Given the database
of protein sequencegliscover an extensve setof non-local(fre-
guent)densepatternsin their contactmaps,andcompilea library
of suchnon-localinteractions.2) Clusterthesepatternsbasedon
their similaritiesand evaluatethe clusteringquality. We shav via
experimentgshatourtechniquesreeffective in characterizingon-
tact patternsacrosdifferentproteins,andcanbe usedto improve
contactmap predictionfor unknavn proteinsaswell asto learn
proteinfolding pathways.

Keywords

ProteinContactMap, DensePatterns Clusteringrequiredfor Pro-
ceedings

1. INTRODUCTION

Bioinformaticsis anemeping eld undegoingrapid,exciting growth.

This hasbeenmainly fueledby adwancesn DNA sequencingnd
mappingtechniques.The HumanGenomeProjecthasresultedin
anexponentiallygrowing databasef geneticsequencesyhile the
StructuralGenomicslnitiative is doing the samefor the protein
structuredatabaseOneof thegrandchallengedn bioinformaticsis
proteinstructureprediction,whereoneis interestedn determining
the 3D structureof a proteingiven its aminoacid sequencelt is
well known thatproteinsfold spontaneouslandreproduciblyto a
unique3D structuren aqueousolution.

Today we are witnessinga paradigmshift in predicting protein
structurefrom its known amino acid sequence
Thetraditionalor Ab initio folding methodemplo/ed rst prmC|-
plesto derive the 3D structureof proteins. However, eventhough
considerablgrogresshasbeenmadein understandinghe chem-
istry and biology of folding, the succesf ab initio folding has
beenquitelimited.
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Insteadof simulationstudiesanalternatve approachis to employ
learningfrom examplesusing a databasef knowvn proteinstruc-
tures. For example,the ProteinDataBank (PDB) [2] recordsthe
3D coordinatesof the atomsof thousand=f protein structures.
Most of theseproteinsclusterinto around700fold-familiesbased
ontheirsimilarities. It is conjecturedhattherewill beontheorder
of 1000 fold-families for the naturalproteins[8]. The PDB thus
offers a new paradigmto proteinstructurepredictionby emplgy-
ing datamining methoddik e clustering classi cation,association
rules,hiddenMarkov models etc.

The ability to predict protein structurefrom the amino acid se-
quencewill do no lessthanrevolutionize molecularbiology. All

geneswill beinterpretablesthree-dimensionahotone-dimensional,

objects.Thetaskof assigninga predictedfunctionto eachof these
objects(arguably a simpler problemthan protein folding) would

then be undervay. In the end, combinedwith proteomicsdata
(i.e. expressionarrays),we would have a e xible modelfor the

whole cell, potentially capableof predictingemegentproperties
of molecularsystemssuchas signal transductionpathways, cell

differentiation,andtheimmuneresponse.

1.1 Protein Folding Pathway

Proteinsare chainsof amino acidsresidues. The early work of
Annsen [1] and Levinthal [4] establishedhat a protein chain
foldsspontaneouslgndreproduciblyto auniquethreedimensional
structurewhenplacedin aqueousolution. The sequencef amino
acidsmakingup the polypeptidechaincontains encodedwithin it,
the completebuilding instructions. Levinthal alsoproved thatthe
folding procescannotoccurby randomconformationakearchor
thelowestenepy state,sincesucha searchwould take millions of
years,while proteinsfold in milliseconds. As a result, An nsen
proposedthat proteinsmust form the structurein a time-ordered
sequenc®f events,now calleda “pathway”. The natureof these
events,whetherthey arerestrictedto “native contacts”(de ned as
contactsthat are retainedin the nal structure)or whetherthey
mightincludenon-speci cinteractionssuchasa generalkollapse
in size at the very beginning, were left unanswered.Over time,
the two maintheoriesfor how proteinsfold becameknown asthe
“moltenglohule” or “hydrophobiccollapse”(invokingnon-speci ¢
interactionspndthe“framework” or “nucleation/condensatiomhodel
(restrictingpathwaysto native contactonly).

Over the years,the theoreticaimodelsfor folding have corverged
somavhat, in part dueto a betterunderstandingf the structure
of the so-called“unfolded state” and due to a more detailedde-
scription of kinetic folding intermediates. The “folding funnel”
model[6] hasreconcilechydrophobiaollapsewith thenucleation-
condensatiormodel by envisioning a distorted, funicular enegy
landscapanda“minimally frustrated’pathway. Theview remains
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Figurel: Left: 3D structurefor proteinG (PDB le 2igd,
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of a gradual,counterentropicsearchfor the hole in the funnel as
the predominanbarrierto folding.

1.2 Protein Contact Map

The 3D conformationof a proteinmay be compactlyrepresented
in asymmetrical squarepooleanmatrix of pairwise,interresidue
contacts,or “contact map” The contactmap of a protein (see
Fig. 1) is a particularly useful representatiof protein structure.
The contactmap provides useful information aboutthe protein's
secondangtructure andit alsocapturesion-localinteractionggiv-
ing cluesto its tertiary structure.
Two aminoacidsin aproteinthatcomeinto contactwith eachother
form a non-cwalentinteraction(hydrogen-bondshydrophobicef-
fect, etc.). More formally, we saythattwo residuegor aminoacids)
and in aproteinarein contactif the 3D distance is
atmostsomethresholdvalue (acommornvalueis ), where
,and and arethecoordinateof the -
Carbonatomsof aminoacids and (analternatve convention
usesbeta-carbonr all but theglycines).Wede ne sequencsep-
aration asthe distancebetweentwo aminoacids and in the
amino acid sequencegiven as . A contactmapfor a pro-
teinwith  residuess an binarymatrix whoseelement
if residues and arein contact,and
otherwise.
The contactmapprovidesa hostof usefulinformation. For exam-
ple, clustersof contactgepresentertainsecondanstructures: -
Helicesappeamsbandsalongthemaindiagonalsincethey involve
contactdbetweeroneaminoacidandits four successors;-Sheets
arethick bandsparallel or anti-parallelto the main diagonal(see
Fig. 1). Tertiary structuremay alsobe obtainedoy reverseproject-
ing into 3D spaceusingthe MAP algorithm|[7] or otherdistance
geometrymethods. Vendruscolcet al [7] have alsoshavn that it
is possibleto recover the 3D structurefrom even corruptedcontact
maps.For predictingandcharacterizingheelusive globalfold of a
proteinwe areusuallyonly interestedn thosecontactshatarefar
from the main diagonal. In this paperwe thusignoreary pair of
residuesvhosesequenceeparation

1.3 Contributions

In this paperwe describehow datamining canbe usedto extract
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valuableinformationfrom contactmaps.More speci cally we fo-
cuson two maintasks:1) Usecontactmapsto discorer an exten-
sive setof non-localdensepatternsand compilea library of such
non-localinteractions2) Clusterthesepatternshasecdn their sim-
ilarities and evaluatethe clusteringquality. We further highlight
promisingdirectionsof future work. For example, hov mining
canhelpin generatingheuristicrulesof contactsandhow onecan
generatelausiblefolding pathwaysin contactmapconformational
space.

The proteinfolding problemwill be solved gradually by mary in-
vestigatoravho sharetheir resultsat the bi-annualCASP (Critical
Assessmentf proteinStructurePrediction)meeting[5], which of-
fersaworld-wideblind predictionchallenge Here,we investigate
how mining canuncover interestingknowledgefrom contactmaps.

2. CHARACTERIZING CONTACT MAPS

Proteinsare self-avoiding, glohular chains. A contactmap, if it
truly represents self-avoiding and compactchain, can be read-
ily translatecbackto the three-dimensionastructurefrom which
it came. But, in general,only a small subsetof all symmetric
matricesof onesandzeroshave this property Previouswork [9]
hasgeneratech methodto outputa contactmapthatboth satis es
the geometricakonstraintsandis likely to representa low-enegy
structure.Interactionsbetweendifferentsubsequencesf a protein
areconstrainedy avariety of factors.Theinteractionamaybeini-
tiatedat several shortpeptideq(initiation sites)and propagatento
higherorderintra- or inter-molecularinteractions.The properties
of suchinteractionsdependon (1) the aminoacid sequenceorre-
spondingto theinteractions(2) the physicalgeometryof all inter-
actinggroupsin threedimensionsand(3) theimmediatecontexts
(linear, and secondarycomponentdor tertiary structuralmotifs)
within which suchinteractionsoccur

We describebelav in detail the methodthat we use for mining
frequentdensepatternsor structuralmotifs in contactmaps. All
proteinsequencessedarefrom ProteinDataBank(PDB).Brie y,
therearefour majorstagesn our approach(1) Mining densepat-
terns,(2)Pruningminedpatterns(3) Clusteringthe densepatterns,
and(4) Integrationof thesepatternswith biologicaldata.

2.1 Mining DensePatternsin Contact Maps
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To enumeratall thefrequen2D densepatternsve scarthedatabase
of contactmapswith a 2D sliding window of auserspeci edsize.
Acrossall proteinsin the databaseany sub-matrixunderthe win-
dow thathasa minimum*“density” (thenumberof '1' s or contacts)
is capturedFor a contactmap( is thelengthof thepro-
tein),usinga2D window, thereare
possiblesub-matricesWe have to takulatethosewhich aredense,
usingdifferentwindow sizes. We choosewindow sizesfrom 5 to
10to capturedensercontactloseto thediagonal(i.e., short-range
interactions) aswell asthe sparsercontactsfar from the diagonal
(i.e.,long-rangdnteractions).

Due to the intrinsic constraintsin protein secondaryand tertiary
structuresthedensityof thecontactaturallydecreasewith chain
separationtistancg(in thecontactmap,thedistancerom themain
diagonal).In orderto alsocapturehesdessdensebut possiblysig-
ni cant patternsyve scaletheminimumdensitycutoff asafunction
of thechainseparatiordistance The densityweighingfunctionwe
usedis asfollows:

whereminDensityis the userspeci ed densitythreshold, and
arethestartingindicesof awindow in the 2D contactmap (hereit
representshetop left positionof a sub-matrix).

2.1.1 CountingDensePatterns

As weslidethe window, the sub-matrixunderthewindow
will beaddedo adensepatternlist if its densityexceedghe min.d
threshold.However, we areinterestedn thosedensepatternsthat
arefrequent,i.e., whenaddinga new patternto the list of dense
patternswe needto checkif it alreadyexistsin thelist. If yes,we
increasehe frequeng of the patternby one,andif not, we addit
to thelist initialized with a countof one.
The main complity of the methodstemsfrom thefactthatthere
canbe a hugenumberof candidatewvindows. For instancewith a
window sizeof , andfor , we have 1485windows
per contactmap. This translateso roughly 28 million possible
windows for a databasewith 18,455 contactmaps(equalto the
numberof proteinsstoredin the PDB database)Of thesewindows
only relatively few will be densesincethenumberof contactss a
lot lessthanthe numberof non-contactsStill we needanef cient
way of testingif two sub-matricegreidenticalor not. We assume
that isthenumberof currentdensepatternsf size . The
naive methodto addanew patternis to checkequalityagainsgll
patternswhereeachchecktakes time, giving a total time
of perequalitycheck.A betterapproachs to useahash
tableof densepatterngnsteadof alist. This cancutdown thetime
to per equalitycheckif a suitablehashfunctionis found.
Wewill describébelov how we canfurtherimprove thetimeto just
percheck.

2.1.2 CountingDensePatternsvia Hashing

For fasthashingand equality checking,we will encodeeachsub-
matrix in the following way: eachrow of thecontactmap,i.e., the
sequencewill becorvertedinto anumbercorrespondingo
the binary valuerepresentetyy the sequenceandall the numbers
computedhis way will beconcatenateihto a string. For example

the submatrixbelow is encodedasthestring:
submatrix binary value of row
00000 0

01100 12

01000 8
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01000 8

00000 0
stringld(concatenate row values)
Hashing of a Dense Pattern

= 0.12.8.8.0

Accordingto our sub-matrixencodingschemeeachdense
window  isencodedsthestring ,
where s thevalueof therow treatedasa binary string. For fast
countingwe will emplo/ a 2-level hashingscheme. For the rst
level we usethe sumof all therow valuesasthe hashfunction:

The secondlevel hashingusesthe stringld as the hashkey and
thereforeis an exacthashingi,i.e., . The
useof this 2-level hashingschemeallows usto avoid mary unnec-
essarychecks. The rst level hashing( ) narrovs the potential
matchingsub-matricego a very small number Thenthe second
level hashingl ) computegheexactmatchesComputing and
both take time; thusthe equality checkof a sub-matrix
takes time.
After all denseareasarehashednto the secondevel slot, the sup-
port countsfor eachuniquestringld of the densepatternsarecol-
lected, andthosepatternghathave supportcountsmorethanauser
speci ed minSupportwill be consideredrequentdensepatterns
andwill beoutputfor furtheranalysis.

2.2 Pruning

After obtainingmined patternshatarefrequentandarerelatively
densewe prunedthemusinga numberof heuristicsn orderto ex-
tractbiologically meaningfulstructuralmotifs. Dueto theintrinsic
characteristicand constraintsof the secondarystructures,alpha
helicesform contactpatternsthat line alongthe main diagonalof
the contactmatrix, whereasheta-sheetform contactpatternsthat
areeitherperpendiculafanti-parallelbetasheets)r parallel (par
allel betasheetsjo themaindiagonal Thepositionsatwhichthese
patternscould occurarealsoconstrained.ln contrastthe contact
patternghatbelongto atertiarystructurginteractiondetweertwo
secondanstructuralcomponentsaremorelikely to be lessdense
anddistantfrom the maindiagonal.Furthermorethey do nothave
de niti ve contactshapesomparedo the well de ned secondary
structuregroups. Thusit is dif cult to extract theseand isolate
themfrom otherpatternsWe took seseralapproacheto attackthe
dif culty: rst, asdescribedn the previous section,we weighed
the minimum densityaccordingto the distanceof eachsub-matrix
to the maindiagonal,suchthatdistal regionshave smallerdensity
thresholdthan proximal regions; second by varying window-size
until anappropriatesizeis reachedyve candifferentiatethetertiary
interactionsrom therestby measuringhe density

The next stepis to pruneredundanpatterns.As describedabore
we useda sliding window schemeto captureall possibleareasin
amatrix, however, thereareafew factorsin the schemehatcause
redundang in theminedfrequentdensepatterns For example the
following patternsdentify the samenon-localmotif but aretreated
asdifferentpatterndecauseheir string IDs aredifferent:

00000 00000 00000
01000 00100 00010
01000 -> 00100 -> 00010
01000 00100 00010
00000 00000 00000
window slides to right by one position
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We addressedhis problem by recognizingthe stringlDs for all
horizontally-andvertically-shiftedformsasequal.

After the pruning step,we generatedhe possibledensepatterns
with minSupportl, i.e.,theexhaustve setof densepatternghatap-
pearin our databaseWe alsovariedtheaminoacid contactthresh-
old while creatingthe contactmap(recallthattwo aminoacidsare
in contactif they areatmost distanceapartin 3D; we used
5,6and7 in ourexperiments)Whenusingsliding window size
lessthanb, the densepatterngyeneratedretrivial anddidn't shav
enoughstructuralmeaning. With window size 6 and aborve, we
generatednly slightly moredensepatternghanwith window size
5. We consider5 an importantwindow sizeto generatexisting
densepatterns.In the following study only datawith sliding win-
dow size5 will belisted. An exampledensepatternwith associated
informationis shawvn below (its supportcountis 5 andits volume,
thenumberof 1's,is 10):

Sup:5 Str:0.28.12.15.1. Vol:10
00000
11100
01100
01111
00001

a dense pattern example

The numbersof non-redundandensepatternsextractedusingdif-
ferentcontactthresholdss shavn in the secondcolumnof Tablel
(it alsoshaws otherclusteringinformationwhich will beexplained
in the next section).

ContactThreshold| # Patterns| # Clusters| ClusterQuality
5 2508 83 0.8931
6 9929 99 0.8633
7 21231 367 0.8367

Tablel: Clusteringof DensePatterns

2.3 Clustering DensePatterns

In the mining step,a large numberof possibledensepatternsare
generatedven after pruning. Insteadof analyzingthesenon-local
patterndirectlyit is bene cialto grouptheminto groupsof similar
interactions. To characterizeaall the densepatternsthat we have
mined,clusteringprovidesan effective way to obtaina grossview.
Thereare two main approacheso clustering. 1) Partition-based
clusteringtriesto divide thedataof  objectsinto partitionsor
groupsusing heuristicsearchor iterative methods(e.g., k-means
clustering). 2) Hierarchicalclusteringcomesin two avors. a)
Agglomeratve clusteringtechniquestartswith eachobijectin its
own cluster At eachsteppairsof clusterswith minimumdistance
betweerthemaresuccessiely meiged.b) Divisive clusteringtakes
the oppositeapproachijt startswith all the recordsin onecluster
andthensuccessiely splits clustersinto smallpieces.

In this paperwe usedagglomeratie clusteringto groupthe mined
densepatternsto nd the dominantnon-localinteractions,using
themethodologydescribedelow.

1. Calculatingdistance First, the distancebetweenevery pair
of patternds calculatedusingtheformula:

@)

where  and aredensepatternsand is the position
in the matrix takenasalineararray(top left corner
is position 0 and bottomright is ). Thus is

either0 or 1, indicatinga non-contactand contact,respec-
tively. The smallerthe distancebetweentwo patternsthe

morelikely thetwo patternsaresimilar to eachother

We alsoneedto de ne thedistancebetweerntwo clusterssay
and . Letthesizeof be andthesizeof be pat-

terns.Thenthedistancebetweerthe pair of clusterss given

as: (with pattern

and ), i.e., the sumof all pairwise distancesbe-

tweenpatternsn acluster

. Clustering Beforewe startthe clustering we needto deter

mineathresholddistancdor acluster namely themaximum
averagadistanceamongthepatternsn onecluster Oncethis
is done,the proceduras asfollows: 1) Compareall pairsof
clustersandmarkthe pair thatis closest.2) Thedistancebe-
tweenthis closestpair of clustersis comparedo thethresh-
old value. If thedistanceis lessthanthe thresholddistance,
theseclustersbecomelinked and are megedinto a single
cluster Returnto Step1l to continuethe clustering. If the
distancebetweerthe closestpair is greaterthanthe thresh-
old, the clusteringstops.If thethresholdvalueis too small,
therewill still be mary groupspresentatthe end,andmary
of themwill besingletonsCorversely if thethresholds too
large, objectsthat are not very similar may end up with the
samecluster We useddistanced asthethresholdor cluster

ing.

Cluster No.1, Count = 59

Contact  Probabilities:

0:0.05 1:0.05 2:0.68 3:0.85 4:.0.71
5:0.03 6:0.02 7:0.14 8:0.07 9:0.09
10:0.05 11:0.05 12:0.12 13:0.09 14:0.03
15:0.03 16:0.05 17:0.15 18:0.27 19:0.85
20:0.25 21:0.10 22:0.59 23:0.92 24:0.83

Representative contact  pattern:
00111
00000
00000
00001
00011

After the agglomeratie clusteringstep,for eachcluster we
needaway to compactlydescribethe dominantinteractions
representedy all membersof the cluster For this we cal-
culatedthe contactprobability at eachof the po-
sitionsin the submatrix. Assumethatthereare patterns
groupedin cluster . Contactprobability at position is
de ned asthe ratio of the numberof contactsat that posi-
tion divided by the clustercardinality andis givenas

. Basedon theseprobability values,a
representagie contactpatterns generatedor eachcluster In
arepresentate contactpatternwerecorda'l' atposition
wheneer is greatetthansomeprobabilitythreshold and
a'0" otherwise An exampleclusteris shavn belov with as-
sociatednformation. Countis the numberof patternsn the
clusterandthe notation0:0.05meanghatthe probability of
contactat position0 is 0.05. The representatie contactpat-
ternfor the clusterwith a probability threshold is
alsoshawn.
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Thenumberof clustersgeneratedisingdifferentaminoacid
contactthresholdarelistedin Table 1, Column2 (with clus-
tering thresholdof 4 andwindow size5). For instanceat

contactthresholdwe obtained99 clustersfrom the 9929
minedpatterns.

3. EvaluatingClusteringQuality: After clusteringis nished,
we needa methodto evaluatehow effectiveit is. Onewayis
to de ne anobjective notionof clusteringguality. While this
maybehardin generalthe contactprobabilitiesfor a cluster
gives a goodindicationabouthow goodthe clusteris. For
example, a clusterwith very high valuesat somepositions
andverylow valuesat somepositionsis agoodcluster while
aclusterthathascontactprobabilitiescloseto 0.5is notvery
good. In otherwords, if a majority of the clustermembers
agreeon a position(mostly0's or mostly 1's), thatindicates
agoodclustering.

We usethe formula belov to generatethe sum of contact
probabilitiesat eachpositionin the window within a cluster

if @)

if 3)

The quality of a cluster is thengiven by the sum
.Ahigh valuecloseto 1indicatesagoodcluster
while avaluecloseto 0.5indicatesa poorcluster

The nal clusteringquality acrossall the clustersis given
asthe weightedsum of individual clusterquality values,as
shavn in theformulabelow:

4)

where is the setof clusters, is the numberof clus-
ters, is one clusterin the set, is the numbers
of patternsin the cluster and is the total numberof pat-
terns.Notehow theclusteringquality variesfrom0.5to0 1,
with ahighervaluesuggestbetterclusteringquality because
it clusterspatternswhich sharesimilar occurrencepositions
for '1'sand'0's. A clusterwith the samecontactpatternhas
a . The clusteringquality correspondingdo clusters
generatedn our experimentss listed in Table1, Column3
(with clusteringthresholdof 4 andwindow size5). For ex-
ample,givenwindow sizeof 5, contactdistancehresholdof
6 andclusteringthresholdof 4, the clusteringquality of
the 99 clusterss 0.865753.

2.4 Integration and Visualization

After densepatternsare found and clustered,the nal stepis to
incorporatethe proteinsequence/structuiaformationwith them.
Thatis, for eachdensepatternandits occurrencesn the different
contactmapg(thatis in differentproteinsegmentsn PDB),we note
the proteinid, the startpositionsof the window (given as
coordinate®f thetopleft corner),andthetypeof interaction.This
informationis thenusedto visualizethe minedpatternsor interac-
tions. An exampleof a densepatternwith associatednformation
is shavn below. This patternwith 11 contactspccursonly oncein
PDB le with id _ , atposition , l.e., it represents
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a non-localinteractionbetweenprotein segmentat positions134-
138(the X axis)andthe proteinseggmentat positions109-113(the
Y axis),in this caseaninteractionbetweertwo beta-strands.

Sup:l Str:1.5.31.24.16 Vol:11
00001
00101
11111
11000
10000
pdb- x_start y_start
lvjs_.1 134 109

interaction

beta strand-beta strand

2.5 Experimental Results

We usedanon-redundargetof 2702proteinsfrom the PDB for our
experiments Preliminarydistancemapsfor proteinwereproduced
basedn the 3D coordinate®f the -Carbonatomsof eachamino
acid Basedon thesedistanceamaps binary contactmapsweregen-
eratedusingseveralcontacthresholdsAs describedabore, we dis-
covered9929densepatternsvhenusingaslidingwindow of size5,
maximumaminoacidcontacthresholdof 6 andaminimumden-
sity of . Whenagglomeratie clusteringis applied,99 clus-
tersaregeneratedisinga clusteringthresholdof 4. Theclustering
quality is 0.8633. Two exampleclusterswith their four associated
patternsandcorrespondingnteractionsaregivenbelaw:

Fig. 2 shavs anexampleof the structureof four differentpatterns
from one of the mined clusters. Betastrandinteractingwith beta
strandis the dominantnon-localmotif in this cluster The corre-
spondingdensepatternsaareshavn below:

00011 00001 00010 00011
00011 00101 00000 00101
01111 11111 11000 11100
11000 11000 10000 10000
10000 10000 10000 00000
No0.1355 3496 6282 7980

Fig. 3 shavs anexampleof the structureof four differentpatterns
from anothercluster Betaturn interactingwith betaturn is the
main motif in this cluster The correspondinglensepatternsare
shawvn below:

11010 01000 11000 11010
01111 01110 01100 01110
01000 01000 01110 01100
01000 01000 01000 01100
11000 11000 01000 01000
No0.196 503 2834 8697

In otherclusters differentdominantinteractionswerediscovered.
Fig. 4 shavs someexampleinteractions. Thesepatternscan be
furtherdividedinto sub-classeaccordingo thenumberof contacts
involvedin eachcomponentmultiplicity of interactingatoms(one
to one,oneto mary, or mary to mary), sequencaspeci cities,and
thelinear/secondargtructuralcontexts of theinteraction.

Theseexperimentsshavs thatwe ef ciently clusteredpatternsac-
cordingto their similaritiesboth in sub-matrixlevel andstructure
level. With our clusteringmethod we cancompilealibrary of pos-
sible densepatternsfor further applicationin extracting valuable
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|

Figure2: Secondanstructuresof four differentpatternsfrom one cluster-BetaStrandvs. Beta Strand: Upperleft: pattern1355, Upper
right: pattern3496,Lower left: pattern6282,Lower right: pattern7980

|
|

Figure 3: SecondanStructuresof four different patternsfrom one cluster-Betaturn vs. Betaturn: Upperleft: pattern196, Upperright:
pattern503, Lower left: pattern2834,Lower right: pattern8697
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Figure4: FrequenfPatternsbetweerSecondanstructuresl) AlphaHelix - Alpha Helix 2) AlphaHelix - BetaSheet3) Alpha Helix - Beta

Turn, 4) BetaSheet BetaTurn

informationto improve theaccurag of proteinstructureandpath-
way prediction. We arecurrentlycreatinga library of all possible
non-localinteractionsn “real” contactmaps.

3. FUTURE DIRECTIONS

Mary interestingquestionsstill remainto be answeredn the con-
text of contactmapmining. The ultimategoalwould beto usethe
minedresultsfor betterstructureprediction.

3.1 Improving Prediction of Contact Maps

Amino Acid Position (Aj)

True Contacts O
Predicted True Contacts
All Predicted Contacts ~ +

0 10 20 30 40 50 60
Amino Acid Position (Ai)

Figure5: PredictedContactMap (PDB le 2igd)
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We applieda hybrid methodbasedon hiddenMarkov Modelsand
associatiorrule mining to predictthe contactmapfor a given pro-
tein sequencdsee [9] for details). Fig. 5 shavs the predicted
contactmap for the protein from Fig. 1. We got 35% ac-
curay and 37% coveragefor this protein. The gure shaws the
true contactsthe contactscorrectly predicted,andall the contacts
predictedcorrectlyorincorrectly). Our predictionwasableto cap-
turetruecontactsepresentingortionsof all themajorinteractions.
For example,true contactawverefoundfor the alphahelix, the two
anti-parallebetasheetsaandthe parallelbetasheet However, some
spuriousclustersof contactswerealsodiscorered,suchasthetri-
anglein thelowerleft corneror theblock of contactsn top left and
middle regionsof the contactmap. Using the extensve library of
non-localmotifs, one can eliminatesuchfalsecontactsby recog-
nizing thefactthatthey never occurin realproteins,andthusthese
blocks of contactsare physicallyimpossible. In future work we
will describetheeffectivenesf this post-processingpproachby
Itering outphysicallyimpossibleblocks)in improving the predic-
tion of contactmaps.

3.2 Mining Heuristic Rulesfor “Physicality”

Simple geometricconsiderationsnay be encodednto heuristics
thatrecognizephysically possibleandprotein-like patternswithin
contactmaps, For example, we may considerthe following
to be rulesthat are never broken in true protein structures:a) If
and , then ,and
. b)If and ,
then ,and . Theserulesencodehe
obseration thata betasheet(contactsin a diagonalrow) is either
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parallelor anti-parallel(respectiely), but notboth.
Anotherexamplemay be dravn from contactswith alphahelices:
If and and , then
. This follows from the factthat liesonthe
oppositesideof thehelix from to , andthereforecannotshare
contactavith non-localresidue . Local structuresnay be usedin
the de nition of the heuristics.For example,if anunbrolen setof
exists,thelocal structures a helix, andtherefore,
for all in thatsggment, . The questionis
whetheronecanminetheserulesautomatically
Oneapproachs to discover “positional” rules,i.e.,theheuristicge-
ometricrulesby consideringan appropriateneighborhoodaround
eachcontact andnotingdown therelative coordinate®f the
other contactsand non-contactsn the neighborhoodgconditional
on the local structuretype(s). For instance,considera lower 1-
layer (denoted_L1) neighborhoodor a given point, . LL1
includesall the coordinatesvithin and , i.e. eachpoint
has3 otherpointsin its LL1 neighborhoodnamely ,
and . Fromthe LL1 region around
eachpoint we obtain a databasevhich canbe minedfor frequent
combinations.Otherrules canbe found by de ning an appropri-
ateneighborhoodandby incorporatingsequencénformation. We
arecurrentlydevelopingtechniquego mine suchheuristicrulesof
contactautomatically

3.3 Rulesfor Pathwaysin Contact Map Space

Protein Folding Pathway Tree

+

%

94 ——
e

Figure6: Folding Pathwaysin ContactMap

A pathvay in contactmap spaceconsistsof a time-orderedseries
of contacts Thepathway is initiated by high-con dencelnitiation-
sites[3], andthereafterit follows a tree-searctiormat (Figure 6:
trianglesrepresentntermediatecontactmaps). We may imposea
“condensatiomule” ontoour pathway modelby assuminghatary
new contactmustoccurwithin residuesof a contactthatis
alreadyformed. In otherwordswe assumehat ,
where is the numberof “unfolded” residuesetween and
. Inteneningresiduesare “folded” whena contactforms. Each
level of the treeis the addition of a contactthat satis esthe con-
densatiorrule. A maximumof branchesanbe selectecbased
ontheenegy. In addition,contactghatarenot physicallypossible
canberejectedusingthe minedclustersof densepatternsor using
the heuristicsrulesfor physicality Identicalbranchegsamesetof
contactsdifferentorder)canof coursebe meiged.

BIOKDDO02: Workshopon DataMining in Bioinformatics(with SIGKDDO02 Conference)

We arecurrentlydevelopingmethodso discover thefolding path-
waysin the contactmap space. It is worth observingthat while
the structureprediction problem has attracteda lot of attention,
the pathway predictionproblemhasreceved almostno attention.
However, the solutionof eithertaskwould greatlyenhancehe so-
lution of the other henceit is naturalto try to solve both of these
problemswithin a unifying framework. Our currentwork is a step
towardthis uni ed approach.

4. CONCLUSIONS

In this paperwe tackledtwo problems:discovering the extensie
setof (non-local)densecontactpatternsfrom the existing protein
sequenceandclusteringthe minedpatternsFor the rst problem,
we developeda novel stringencodingandhashingechniqueo ex-
tractall the densesubmatricedy sliding a 2D window acrossthe
contactmap. We discovreredcommon(non-local) densepatterns
usinga dynamicdensitythresholdandseveral pruningtechniques.
Using our approachwe wereableto extract sometypical interac-
tions that occurin existing proteins' contactmaps. We compiled
a library basedon suchnon-localinteractionsof secondarnstruc-
tures. This library would be analogougo the I-siteslibrary, but
while the I-siteslibrary recordsthe commonmotifs for shortcon-
tiguoussegments(3-19residues)thenew library will recordinter-
actionsbetweemon-contiguousegments.For the latter problem,
we usedagglomeratie clusteringmethodandclusterecatternsac-
cording to their similarities and evaluatedour clusteringquality.
We believe thatthis patternmining andclusteringresultsarehelp-
ful for proteinstructurepredictionsanddiscovering proteinfolding
pathway.
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