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ABSTRACT
The 3D conformationof a proteinmay be compactlyrepresented
in a symmetrical,square,booleanmatrix of pairwise,inter-residue
contacts,or “contactmap”. Thecontactmapprovidesahostof use-
ful informationabouttheprotein's structure.In this paperwe de-
scribehow dataminingcanbeusedto extractvaluableinformation
from contactmaps.For example,clustersof contactsrepresentcer-
tain secondarystructures,andalsocapturenon-localinteractions,
giving cluesto thetertiarystructure.
In this paperwe focuson two main tasks: 1) Given the database
of proteinsequences,discover an extensive setof non-local(fre-
quent)densepatternsin their contactmaps,andcompilea library
of suchnon-localinteractions.2) Clusterthesepatternsbasedon
their similaritiesandevaluatetheclusteringquality. We show via
experimentsthatour techniquesareeffective in characterizingcon-
tactpatternsacrossdifferentproteins,andcanbeusedto improve
contactmap predictionfor unknown proteinsas well as to learn
proteinfolding pathways.

Keywords
ProteinContactMap, DensePatterns,Clusteringrequiredfor Pro-
ceedings

1. INTRODUCTION
Bioinformaticsisanemerging�eld undergoingrapid,excitinggrowth.
This hasbeenmainly fueledby advancesin DNA sequencingand
mappingtechniques.The HumanGenomeProjecthasresultedin
anexponentiallygrowing databaseof geneticsequences,while the
StructuralGenomicsInitiative is doing the samefor the protein
structuredatabase.Oneof thegrandchallengesin bioinformaticsis
proteinstructureprediction,whereoneis interestedin determining
the 3D structureof a proteingiven its aminoacid sequence.It is
well known thatproteinsfold spontaneouslyandreproduciblyto a
unique3D structurein aqueoussolution.
Today we are witnessinga paradigmshift in predicting protein
structurefrom its known amino acid sequence�����
	��
��	
�
�
��	����
� .
The traditionalor Ab initio folding methodemployed �rst princi-
plesto derive the3D structureof proteins.However, even though
considerableprogresshasbeenmadein understandingthe chem-
istry andbiology of folding, the successof ab initio folding has
beenquitelimited.

�
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Insteadof simulationstudies,analternative approachis to employ
learningfrom examplesusinga databaseof known proteinstruc-
tures. For example,the ProteinDataBank (PDB) [2] recordsthe
3D coordinatesof the atomsof thousandsof protein structures.
Most of theseproteinsclusterinto around700fold-familiesbased
ontheir similarities.It is conjecturedthattherewill beontheorder
of 1000fold-families for the naturalproteins[8]. The PDB thus
offers a new paradigmto proteinstructurepredictionby employ-
ing datamining methodslike clustering,classi�cation,association
rules,hiddenMarkov models,etc.
The ability to predict protein structurefrom the amino acid se-
quencewill do no lessthanrevolutionizemolecularbiology. All
geneswill beinterpretableasthree-dimensional,notone-dimensional,
objects.Thetaskof assigninga predictedfunctionto eachof these
objects(arguablya simpler problemthan protein folding) would
then be underway. In the end, combinedwith proteomicsdata
(i.e. expressionarrays),we would have a �e xible model for the
whole cell, potentially capableof predictingemergent properties
of molecularsystems,suchassignal transductionpathways, cell
differentiation,andtheimmuneresponse.

1.1 Protein Folding Pathway
Proteinsare chainsof amino acidsresidues. The early work of
An�nsen [1] and Levinthal [4] establishedthat a protein chain
foldsspontaneouslyandreproduciblyto auniquethreedimensional
structurewhenplacedin aqueoussolution.Thesequenceof amino
acidsmakingup thepolypeptidechaincontains,encodedwithin it,
the completebuilding instructions.Levinthal alsoproved that the
folding processcannotoccurby randomconformationalsearchfor
thelowestenergy state,sincesucha searchwould take millions of
years,while proteinsfold in milliseconds. As a result,An�nsen
proposedthat proteinsmust form the structurein a time-ordered
sequenceof events,now calleda “pathway”. The natureof these
events,whetherthey arerestrictedto “native contacts”(de�ned as
contactsthat are retainedin the �nal structure)or whetherthey
might includenon-speci�cinteractions,suchasa generalcollapse
in size at the very beginning, were left unanswered.Over time,
the two main theoriesfor how proteinsfold becameknown asthe
“moltenglobule” or “hydrophobiccollapse”(invokingnon-speci�c
interactions)andthe“framework” or “nucleation/condensation”model
(restrictingpathwaysto native contactsonly).
Over theyears,the theoreticalmodelsfor folding have converged
somewhat, in part due to a betterunderstandingof the structure
of the so-called“unfolded state” and due to a more detailedde-
scription of kinetic folding intermediates.The “folding funnel”
model[6] hasreconciledhydrophobiccollapsewith thenucleation-
condensationmodel by envisioning a distorted,funicular energy
landscapeanda“minimally frustrated”pathway. Theview remains
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Figure1: Left: 3D structurefor proteinG (PDB�le 2igd, ������� ), Right: its contactmapshowing parallel(top left cluster)andantiparallel
sheets(bottomleft andtop right cluster),andhelix features(thin clustercloseto maindiagonal).

of a gradual,counter-entropicsearchfor the hole in the funnel as
thepredominantbarrierto folding.

1.2 Protein Contact Map
The 3D conformationof a proteinmay be compactlyrepresented
in a symmetrical,square,booleanmatrix of pairwise,inter-residue
contacts,or “contact map.” The contactmap of a protein (see
Fig. 1) is a particularlyuseful representationof proteinstructure.
The contactmap provides useful information aboutthe protein's
secondarystructure,andit alsocapturesnon-localinteractionsgiv-
ing cluesto its tertiarystructure.
Two aminoacidsin aproteinthatcomeinto contactwith eachother
form a non-covalentinteraction(hydrogen-bonds,hydrophobicef-
fect,etc.).Moreformally, wesaythattwo residues(or aminoacids)

��� and �	� in a proteinarein contactif the3D distance
������ 	��	� � is
atmostsomethresholdvalue � (acommonvalueis �
���

	�

), where

������ 	��	������� ���������	� , and ��� and ��� arethecoordinatesof the � -
Carbonatomsof aminoacids �

�
and �

�
(analternative convention

usesbeta-carbonsfor all but theglycines).Wede�ne sequencesep-
aration asthedistancebetweentwo aminoacids �

�
and �

�
in the

aminoacid sequence,given as � ��� �!� . A contactmapfor a pro-
tein with � residuesis an �#"$� binarymatrix % whoseelement

% �&��	'� �(�)� if residues� and � are in contact,and % �&��	'� �*�,+

otherwise.
Thecontactmapprovidesa hostof usefulinformation.For exam-
ple, clustersof contactsrepresentcertainsecondarystructures:� -
Helicesappearasbandsalongthemaindiagonalsincethey involve
contactsbetweenoneaminoacidandits four successors;- -Sheets
are thick bandsparallelor anti-parallelto the main diagonal(see
Fig. 1). Tertiarystructuremayalsobeobtainedby reverseproject-
ing into 3D spaceusingthe MAP algorithm[7] or otherdistance
geometrymethods.Vendruscoloet al [7] have alsoshown that it
is possibleto recover the3D structurefrom evencorruptedcontact
maps.For predictingandcharacterizingtheelusiveglobalfold of a
proteinwe areusuallyonly interestedin thosecontactsthatarefar
from the main diagonal. In this paperwe thusignoreany pair of
residueswhosesequenceseparation� �.�/�!�1032 .

1.3 Contributions
In this paperwe describehow datamining canbe usedto extract

valuableinformationfrom contactmaps.More speci�cally we fo-
cuson two main tasks:1) Usecontactmapsto discover anexten-
sive setof non-localdensepatternsandcompilea library of such
non-localinteractions.2) Clusterthesepatternsbasedontheirsim-
ilarities andevaluatethe clusteringquality. We further highlight
promisingdirectionsof future work. For example,how mining
canhelpin generatingheuristicrulesof contacts,andhow onecan
generateplausiblefolding pathwaysin contactmapconformational
space.
Theproteinfolding problemwill besolvedgradually, by many in-
vestigatorswho sharetheir resultsat thebi-annualCASP(Critical
Assessmentof proteinStructurePrediction)meeting[5], whichof-
fersa world-wideblind predictionchallenge.Here,we investigate
how miningcanuncover interestingknowledgefrom contactmaps.

2. CHARACTERIZING CONTACT MAPS
Proteinsare self-avoiding, globular chains. A contactmap, if it
truly representsa self-avoiding and compactchain, can be read-
ily translatedback to the three-dimensionalstructurefrom which
it came. But, in general,only a small subsetof all symmetric
matricesof onesandzeroshave this property. Previous work [9]
hasgenerateda methodto outputa contactmapthatbothsatis�es
thegeometricalconstraintsandis likely to representa low-energy
structure.Interactionsbetweendifferentsubsequencesof a protein
areconstrainedby avarietyof factors.Theinteractionsmaybeini-
tiatedat several shortpeptides(initiation sites)andpropagateinto
higher-order intra- or inter-molecularinteractions.The properties
of suchinteractionsdependon (1) theaminoacidsequencecorre-
spondingto theinteractions,(2) thephysicalgeometryof all inter-
actinggroupsin threedimensions,and(3) theimmediatecontexts
(linear, and secondarycomponentsfor tertiary structuralmotifs)
within whichsuchinteractionsoccur.
We describebelow in detail the methodthat we usefor mining
frequentdensepatternsor structuralmotifs in contactmaps. All
proteinsequencesusedarefrom ProteinDataBank(PDB).Brie�y ,
therearefour majorstagesin our approach:(1) Mining densepat-
terns,(2)Pruningminedpatterns,(3) Clusteringthedensepatterns,
and(4) Integrationof thesepatternswith biologicaldata.

2.1 Mining DensePatterns in Contact Maps
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To enumerateall thefrequent2Ddensepatternswescanthedatabase
of contactmapswith a 2D sliding window of a userspeci�edsize.
Acrossall proteinsin thedatabase,any sub-matrixunderthewin-
dow thathasaminimum“density” (thenumberof '1' sor contacts)
is captured.For a �,"/� contactmap( � is thelengthof thepro-
tein),usinga2D ��"�� window, thereare � � ��� ��" � � ��� �����

possiblesub-matrices.We have to tabulatethosewhich aredense,
usingdifferentwindow sizes.We choosewindow sizesfrom 5 to
10to capturedensercontactscloseto thediagonal(i.e.,short-range
interactions),aswell asthesparsercontactsfar from thediagonal
(i.e., long-rangeinteractions).
Due to the intrinsic constraintsin protein secondaryand tertiary
structures,thedensityof thecontactsnaturallydecreaseswith chain
separationdistance(in thecontactmap,thedistancefrom themain
diagonal).In orderto alsocapturetheselessdensebut possiblysig-
ni�cant patterns,wescaletheminimumdensitycutoff asafunction
of thechainseparationdistance.Thedensityweighingfunctionwe
usedis asfollows:

�

�	� 
 �

�

�	����
���� �&����� � � � � � �.�/�!� ��� � �

whereminDensityis the userspeci�ed densitythreshold,� and �

arethestartingindicesof a window in the2D contactmap(hereit
representsthetop left positionof a sub-matrix).

2.1.1 CountingDensePatterns
As weslidethe � "�� window, thesub-matrixunderthewindow
will beaddedto adensepatternlist if its densityexceedsthemin d
threshold.However, we areinterestedin thosedensepatternsthat
are frequent,i.e., whenaddinga new patternto the list of dense
patternswe needto checkif it alreadyexists in the list. If yes,we
increasethe frequency of thepatternby one,andif not, we addit
to thelist initialized with a countof one.
Themaincomplexity of themethodstemsfrom thefact that there
canbea hugenumberof candidatewindows. For instance,with a
window sizeof � ��� , andfor � � � + , we have 1485windows
per contactmap. This translatesto roughly 28 million possible
windows for a databasewith 18,455contactmaps(equal to the
numberof proteinsstoredin thePDBdatabase).Of thesewindows
only relatively few will bedense,sincethenumberof contactsis a
lot lessthanthenumberof non-contacts.Still we needanef�cient
way of testingif two sub-matricesareidenticalor not. We assume
that � is thenumberof currentdensepatternsof size � "�� . The
naivemethodto addanew patternis to checkequalityagainstall �

patterns,whereeachchecktakes � ���

�

� time, giving a total time
of � ���

�

� � perequalitycheck.A betterapproachis to usea hash
tableof densepatternsinsteadof a list. This cancutdown thetime
to � ���

�

� perequalitycheckif a suitablehashfunction is found.
Wewill describebelow how wecanfurtherimprovethetimeto just

� ��� � percheck.

2.1.2 CountingDensePatternsvia Hashing
For fasthashingandequalitychecking,we will encodeeachsub-
matrix in thefollowing way: eachrow of thecontactmap,i.e., the

�

+�	 ��� sequence,will beconvertedinto a numbercorrespondingto
thebinaryvaluerepresentedby thesequence,andall thenumbers
computedthis way will beconcatenatedinto a string.For example
the � "�� submatrixbelow is encodedasthestring: +! ���" #! #! + .

submatrix binary value of row
00000 0
01100 12
01000 8

01000 8
00000 0
stringId(concatenate row values) = 0.12.8.8.0
Hashing of a Dense Pattern

Accordingto oursub-matrixencodingscheme,eachdense�)"$�

window % isencodedasthestring � ��&��	�('*)"
 ��% � �,+ �  + �  
� �
�� +.- ,
where + � is thevalueof therow treatedasa binarystring. For fast
countingwe will employ a 2-level hashingscheme.For the �rst
level we usethesumof all therow valuesasthehashfunction:

/

� ��% �
�

-

0

�21 �

+ �

The secondlevel hashingusesthe stringId as the hashkey and
thereforeis anexact hashing,i.e.,

/

� ��% ���3� �4&	�	�5'*)"
 ��% � . The
useof this 2-level hashingschemeallows usto avoid many unnec-
essarychecks. The �rst level hashing(

/

� ) narrows the potential
matchingsub-matricesto a very small number. Then the second
level hashing(

/

� ) computestheexactmatches.Computing
/

� and
/

� both take � ��� � time; thustheequalitycheckof a sub-matrix
takes � ��� � time.
After all denseareasarehashedinto thesecondlevel slot, thesup-
port countsfor eachuniquestringId of thedensepatternsarecol-
lected,andthosepatternsthathavesupportcountsmorethanauser
speci�ed minSupportwill be consideredfrequentdensepatterns
andwill beoutputfor furtheranalysis.

2.2 Pruning
After obtainingminedpatternsthatarefrequentandarerelatively
dense,we prunedthemusinga numberof heuristicsin orderto ex-
tractbiologically meaningfulstructuralmotifs. Dueto theintrinsic
characteristicsand constraintsof the secondarystructures,alpha
helicesform contactpatternsthat line alongthe main diagonalof
thecontactmatrix, whereasbeta-sheetsform contactpatternsthat
areeitherperpendicular(anti-parallelbetasheets)or parallel(par-
allel betasheets)to themaindiagonal.Thepositionsatwhichthese
patternscouldoccurarealsoconstrained.In contrast,the contact
patternsthatbelongto atertiarystructure(interactionsbetweentwo
secondarystructuralcomponents)aremorelikely to be lessdense
anddistantfrom themaindiagonal.Furthermore,they do nothave
de�niti ve contactshapescomparedto the well de�ned secondary
structuregroups. Thus it is dif�cult to extract theseand isolate
themfrom otherpatterns.Wetookseveralapproachesto attackthe
dif�culty: �rst, asdescribedin the previous section,we weighed
theminimumdensityaccordingto thedistanceof eachsub-matrix
to themaindiagonal,suchthatdistal regionshave smallerdensity
thresholdthanproximal regions;second,by varying window-size
until anappropriatesizeis reached,wecandifferentiatethetertiary
interactionsfrom therestby measuringthedensity.
The next stepis to pruneredundantpatterns.As describedabove
we useda sliding window schemeto captureall possibleareasin
a matrix,however, therearea few factorsin theschemethatcause
redundancy in theminedfrequentdensepatterns.For example,the
following patternsidentify thesamenon-localmotif but aretreated
asdifferentpatternsbecausetheir stringIDs 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 addressedthis problem by recognizingthe stringIDs for all
horizontally-andvertically-shiftedformsasequal.
After the pruning step,we generatedthe possibledensepatterns
with minSupport1, i.e.,theexhaustivesetof densepatternsthatap-
pearin ourdatabase.Wealsovariedtheaminoacidcontactthresh-
old while creatingthecontactmap(recallthattwo aminoacidsare
in contactif they areat most � distanceapartin 3D; we used���

5,6and7 	�

in our experiments).Whenusingsliding window size
lessthan5, thedensepatternsgeneratedaretrivial anddidn't show
enoughstructuralmeaning. With window size 6 and above, we
generatedonly slightly moredensepatternsthanwith window size
5. We consider5 an importantwindow size to generateexisting
densepatterns.In thefollowing study, only datawith sliding win-
dow size5 will belisted.An exampledensepatternwith associated
informationis shown 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

Thenumbersof non-redundantdensepatternsextractedusingdif-
ferentcontactthresholdsis shown in thesecondcolumnof Table1
(it alsoshows otherclusteringinformationwhichwill beexplained
in thenext section).

ContactThreshold # Patterns # Clusters ClusterQuality
5 	�

2508 83 0.8931
6 	�

9929 99 0.8633
7 	�

21231 367 0.8367

Table1: Clusteringof DensePatterns

2.3 Clustering DensePatterns
In the mining step,a large numberof possibledensepatternsare
generatedevenafterpruning. Insteadof analyzingthesenon-local
patternsdirectly it is bene�cial to grouptheminto groupsof similar
interactions. To characterizeall the densepatternsthat we have
mined,clusteringprovidesaneffective way to obtaina grossview.
Thereare two main approachesto clustering. 1) Partition-based
clusteringtries to divide thedataof � objectsinto � partitionsor
groupsusingheuristicsearchor iterative methods(e.g., k-means
clustering). 2) Hierarchicalclusteringcomesin two �a vors. a)
Agglomerative clusteringtechniquestartswith eachobject in its
own cluster. At eachsteppairsof clusterswith minimumdistance
betweenthemaresuccessively merged.b) Divisiveclusteringtakes
the oppositeapproach,it startswith all the recordsin onecluster,
andthensuccessively splitsclustersinto smallpieces.
In this paper, we usedagglomerative clusteringto groupthemined
densepatternsto �nd the dominantnon-local interactions,using
themethodologydescribedbelow.

1. Calculatingdistance: First, thedistancebetweenevery pair
of patternsis calculatedusingtheformula:

� �4� � �!��� 
 ��% � 	 %$���
�

-��

0

�

1
�

� %���� �	�!� %/�
� �	�'� (1)

where % � and % � aredensepatterns,and � is the position
in the � "�� matrix takenasa lineararray(top left corner
is position0 andbottomright is � " � ). Thus % � � �	� is
either0 or 1, indicatinga non-contactandcontact,respec-
tively. The smallerthe distancebetweentwo patterns,the
morelikely thetwo patternsaresimilar to eachother.

Wealsoneedto de�ne thedistancebetweentwo clusters,say
��� and � � . Let thesizeof ��� be � andthesizeof � � be � pat-
terns.Thenthedistancebetweenthepair of clustersis given
as: �

�

�21 �

�
�

� 1 �

� � � � �*��� 
 ��% � 	 % � � (with pattern% ��� ���

and %/� � � � ), i.e., the sumof all pair-wise distancesbe-
tweenpatternsin a cluster.

2. Clustering: Beforewe starttheclustering,we needto deter-
mineathresholddistancefor acluster, namely, themaximum
averagedistanceamongthepatternsin onecluster. Oncethis
is done,theprocedureis asfollows: 1) Compareall pairsof
clustersandmarkthepair thatis closest.2) Thedistancebe-
tweenthis closestpair of clustersis comparedto thethresh-
old value. If thedistanceis lessthanthe thresholddistance,
theseclustersbecomelinked and are merged into a single
cluster. Returnto Step1 to continuethe clustering. If the
distancebetweenthe closestpair is greaterthanthe thresh-
old, theclusteringstops.If the thresholdvalueis too small,
therewill still bemany groupspresentat theend,andmany
of themwill besingletons.Conversely, if thethresholdis too
large,objectsthatarenot very similar may endup with the
samecluster. Weuseddistance4 asthethresholdfor 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 theagglomerative clusteringstep,for eachcluster, we
needa way to compactlydescribethedominantinteractions
representedby all membersof the cluster. For this we cal-
culatedthe contactprobability at eachof the � " � po-
sitions in the submatrix. Assumethat thereare � patterns
groupedin cluster � . Contactprobability at position � is
de�ned as the ratio of the numberof contactsat that posi-
tion dividedby theclustercardinality, andis givenas ���

�

�

� ��� � � "
�

�

�21
�

%���� ��� . Basedon theseprobabilityvalues,a
representativecontactpatternis generatedfor eachcluster. In
a representative contactpattern,werecorda '1' atposition �

whenever ���

� is greaterthansomeprobabilitythreshold& and
a '0' otherwise.An exampleclusteris shown below with as-
sociatedinformation.Countis thenumberof patternsin the
clusterandthenotation0:0.05meansthat theprobabilityof
contactat position0 is 0.05. Therepresentative contactpat-
tern for theclusterwith a probability threshold&(� +* �.� is
alsoshown.
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Thenumberof clustersgeneratedusingdifferentaminoacid
contactthresholdarelistedin Table 1, Column2 (with clus-
tering thresholdof 4 and window size 5). For instanceat

�

	�

contactthresholdwe obtained99 clustersfrom the9929
minedpatterns.

3. EvaluatingClusteringQuality: After clusteringis �nished,
we needa methodto evaluatehow effective it is. Oneway is
to de�ne anobjective notionof clusteringquality. While this
maybehardin general,thecontactprobabilitiesfor acluster
givesa goodindicationabouthow goodthe clusteris. For
example,a clusterwith very high valuesat somepositions
andverylow valuesatsomepositionsis agoodcluster, while
aclusterthathascontactprobabilitiescloseto 0.5is notvery
good. In otherwords,if a majority of the clustermembers
agreeon a position(mostly0's or mostly1's), that indicates
a goodclustering.

We usethe formula below to generatethe sum of contact
probabilitiesat eachpositionin thewindow within a cluster

� :

�

�

�

�

-��

0

�

1 �

�

�

�

	 if �

�

���

+! � (2)

���

�

�

-��

0

�

1
�

� � � �

�

�

� 	 if �

�

���

+! � (3)

The quality of a cluster � is then given by the sum �

�

�

�

�

�

�

�

�

�

. A high �

�

valuecloseto 1 indicatesagoodcluster,
while a valuecloseto 0.5 indicatesa poorcluster.

The �nal clusteringquality acrossall the clustersis given
asthe weightedsumof individual clusterquality values,as
shown in theformulabelow:

� �

�	� 
��

� 1
�

� �
�

� "��

�
�

�

	
� +! �

�

�

�

� � (4)

where % is the set of clusters, � % � is the numberof clus-
ters, �

� �
% is one cluster in the set, � �

�
� is the numbers

of patternsin the cluster, and � is the total numberof pat-
terns.Notehow theclusteringquality � variesfrom 0.5to 1,
with ahighervaluesuggestsbetterclusteringqualitybecause
it clusterspatternswhich sharesimilar occurrencepositions
for '1' s and'0' s. A clusterwith thesamecontactpatternhas
a �,� � . The clusteringquality correspondingto clusters
generatedin our experimentsis listed in Table1, Column3
(with clusteringthresholdof 4 andwindow size5). For ex-
ample,givenwindow sizeof 5, contactdistancethresholdof
6 	�

andclusteringthresholdof 4, the clusteringquality of
the99 clustersis 0.865753.

2.4 Integration and Visualization
After densepatternsare found and clustered,the �nal stepis to
incorporatetheproteinsequence/structureinformationwith them.
That is, for eachdensepatternandits occurrencesin thedifferent
contactmaps(thatis in differentproteinsegmentsin PDB),wenote
the proteinid, the startpositionsof the window (given as ��� 	�� �

coordinatesof thetop left corner),andthetypeof interaction.This
informationis thenusedto visualizetheminedpatternsor interac-
tions. An exampleof a densepatternwith associatedinformation
is shown below. This patternwith 11contacts,occursonly oncein
PDB �le with id � +��"�  � , at position � ���	2�	 � +�� � , i.e., it represents

a non-localinteractionbetweenproteinsegmentat positions134-
138(theX axis)andtheproteinsegmentat positions109-113(the
Y axis),in this caseaninteractionbetweentwo beta-strands.

Sup:1 Str:1.5.31.24.16 Vol:11

00001
00101
11111
11000
10000
pdb- x_start y_start interaction
1vjs_.1 134 109 beta strand-beta strand

2.5 Experimental Results
Weusedanon-redundantsetof 2702proteinsfrom thePDBfor our
experiments.Preliminarydistancemapsfor proteinwereproduced
basedon the3D coordinatesof the � -Carbonatomsof eachamino
acidBasedon thesedistancemaps,binarycontactmapsweregen-
eratedusingseveralcontactthresholdsAs describedabove,wedis-
covered9929densepatternswhenusingaslidingwindow of size5,
maximumaminoacidcontactthresholdof 6 	�

andaminimumden-
sity of +! ����� . Whenagglomerative clusteringis applied,99 clus-
tersaregeneratedusinga clusteringthresholdof 4. Theclustering
quality is 0.8633.Two exampleclusterswith their four associated
patternsandcorrespondinginteractionsaregivenbelow:
Fig. 2 shows anexampleof thestructuresof four differentpatterns
from oneof the minedclusters.Betastrandinteractingwith beta
strandis the dominantnon-localmotif in this cluster. The corre-
spondingdensepatternsareshown below:

00011 00001 00010 00011
00011 00101 00000 00101
01111 11111 11000 11100
11000 11000 10000 10000
10000 10000 10000 00000

No.1355 3496 6282 7980

Fig. 3 shows anexampleof thestructuresof four differentpatterns
from anothercluster. Beta turn interactingwith betaturn is the
main motif in this cluster. The correspondingdensepatternsare
shown below:

11010 01000 11000 11010
01111 01110 01100 01110
01000 01000 01110 01100
01000 01000 01000 01100
11000 11000 01000 01000

No.196 503 2834 8697

In otherclusters,differentdominantinteractionswerediscovered.
Fig. 4 shows someexample interactions. Thesepatternscan be
furtherdividedinto sub-classesaccordingto thenumberof contacts
involvedin eachcomponent,multiplicity of interactingatoms(one
to one,oneto many, or many to many), sequencespeci�cities,and
thelinear/secondarystructuralcontexts of theinteraction.
Theseexperimentsshows thatwe ef�ciently clusteredpatternsac-
cordingto their similaritiesboth in sub-matrixlevel andstructure
level. With ourclusteringmethod,wecancompilea library of pos-
sible densepatternsfor further applicationin extractingvaluable
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Figure2: SecondaryStructuresof four differentpatternsfrom onecluster–BetaStrandvs. BetaStrand:Upperleft: pattern1355,Upper
right: pattern3496,Lower left: pattern6282,Lower right: pattern7980

Figure3: SecondaryStructuresof four differentpatternsfrom onecluster–Betaturn vs. Betaturn: Upperleft: pattern196, Upperright:
pattern503,Lower left: pattern2834,Lower right: pattern8697
BIOKDD02: Workshopon DataMining in Bioinformatics(with SIGKDD02Conference) page6



Figure4: FrequentPatternsbetweenSecondaryStructures:1) AlphaHelix - AlphaHelix 2) AlphaHelix - BetaSheet,3) AlphaHelix - Beta
Turn,4) BetaSheet- BetaTurn

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

3. FUTURE DIRECTIONS
Many interestingquestionsstill remainto beansweredin thecon-
text of contactmapmining. Theultimategoalwould beto usethe
minedresultsfor betterstructureprediction.

3.1 Impr oving Prediction of Contact Maps
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Figure5: PredictedContactMap (PDB�le 2igd)

We applieda hybrid methodbasedon hiddenMarkov Modelsand
associationrule mining to predictthecontactmapfor a givenpro-
tein sequence(see [9] for details). Fig. 5 shows the predicted
contactmap for the protein ��� '*
 from Fig. 1. We got 35% ac-
curacy and37% coveragefor this protein. The �gure shows the
truecontacts,thecontactscorrectlypredicted,andall thecontacts
predicted(correctlyor incorrectly).Ourpredictionwasableto cap-
turetruecontactsrepresentingportionsof all themajorinteractions.
For example,truecontactswerefoundfor thealphahelix, thetwo
anti-parallelbetasheetsandtheparallelbetasheet.However, some
spuriousclustersof contactswerealsodiscovered,suchasthe tri-
anglein thelower left corneror theblockof contactsin topleft and
middle regionsof thecontactmap. Using theextensive library of
non-localmotifs, onecaneliminatesuchfalsecontactsby recog-
nizing thefactthatthey never occurin realproteins,andthusthese
blocks of contactsarephysically impossible. In future work we
will describetheeffectivenessof thispost-processingapproach(by
�ltering outphysicallyimpossibleblocks)in improving thepredic-
tion of contactmaps.

3.2 Mining Heuristic Rulesfor “Physicality”
Simple geometricconsiderationsmay be encodedinto heuristics
that recognizephysicallypossibleandprotein-like patternswithin
contactmaps, % . For example,we may considerthe following
to be rules that are never broken in true protein structures:a) If

% �&��	'� � � � and % �&�

�

� 	'�

�

� � � � , then % �&� 	 �

�

� � � + , and
% �&�

�

� 	 � � ��+ . b) If % �&�

�

� 	 � � �,� and % �&� 	 �

�

� � � � � ,
then % �&��	'� ����+ , and % �&�

�

� 	 �

�

� �
��+ . Theserulesencodethe
observation thata betasheet(contactsin a diagonalrow) is either
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parallelor anti-parallel(respectively), but notboth.
Anotherexamplemaybedrawn from contactswith alphahelices:
If % �&��	��

�

2 � � � and % �&��	 � � � � and % �&�

�

2
	'� � � � , then
% �&�

�

� 	 � � � + . This follows from thefact that �

�

� lies on the
oppositesideof thehelix from � to �

�

2 , andthereforecannotshare
contactswith non-localresidue� . Local structuresmaybeusedin
thede�nition of theheuristics.For example,if anunbroken setof

% �&��	 �

�

2 ��� � exists,thelocal structureis a helix, andtherefore,
for all � � � � �

�

2 in that segment, % �&��	 � ��� + . Thequestionis
whetheronecanminetheserulesautomatically.
Oneapproachis to discover“positional” rules,i.e.,theheuristicge-
ometricrulesby consideringan appropriateneighborhoodaround
eachcontact% �&��	 � � andnotingdown therelativecoordinatesof the
othercontactsandnon-contactsin the neighborhood,conditional
on the local structuretype(s). For instance,considera lower 1-
layer(denotedLL1) neighborhoodfor a givenpoint, % �&��	 � � . LL1
includesall thecoordinateswithin �

�

� and �

�

� , i.e. eachpoint
has3 otherpoints in its LL1 neighborhood,namely % �&��	 �

�

� � ,
% �&�

�

� 	'� � and % �&�

�

��	 �

�

� � . From the LL1 region around
eachpoint we obtaina databasewhich canbe minedfor frequent
combinations.Otherrulescanbe found by de�ning an appropri-
ateneighborhoodandby incorporatingsequenceinformation. We
arecurrentlydevelopingtechniquesto minesuchheuristicrulesof
contactautomatically.

3.3 Rulesfor Pathwaysin Contact Map Space
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Figure6: FoldingPathwaysin ContactMap

A pathway in contactmapspaceconsistsof a time-orderedseries
of contacts.Thepathway is initiatedby high-con�denceInitiation-
sites[3], andthereafterit follows a tree-searchformat (Figure6:
trianglesrepresentintermediatecontactmaps).We may imposea
“condensationrule” ontoourpathway modelby assumingthatany
new contactmustoccurwithin

�

���

� residuesof a contactthat is
alreadyformed. In otherwordswe assumethat

�

�&��	'� �

�

�

���

� ,
where

�

�&��	'� � is thenumberof “unfolded” residuesbetween� and
� . Interveningresiduesare“folded” whena contactforms. Each
level of the treeis the additionof a contactthat satis�es the con-
densationrule. A maximumof � branchescanbe selectedbased
on theenergy. In addition,contactsthatarenotphysicallypossible
canberejected,usingtheminedclustersof densepatternsor using
theheuristicsrulesfor physicality. Identicalbranches(samesetof
contacts,differentorder)canof coursebemerged.

We arecurrentlydevelopingmethodsto discover thefolding path-
ways in the contactmapspace. It is worth observingthat while
the structurepredictionproblemhasattracteda lot of attention,
the pathway predictionproblemhasreceived almostno attention.
However, thesolutionof eithertaskwould greatlyenhancetheso-
lution of theother, henceit is naturalto try to solve bothof these
problemswithin a unifying framework. Our currentwork is a step
towardthisuni�ed approach.

4. CONCLUSIONS
In this paperwe tackledtwo problems:discovering the extensive
setof (non-local)densecontactpatternsfrom theexisting protein
sequencesandclusteringtheminedpatterns.For the�rst problem,
wedevelopedanovel stringencodingandhashingtechniqueto ex-
tractall thedensesubmatricesby sliding a 2D window acrossthe
contactmap. We discoveredcommon(non-local)densepatterns
usinga dynamicdensitythresholdandseveralpruningtechniques.
Using our approachwe wereableto extract sometypical interac-
tions that occur in existing proteins' contactmaps. We compiled
a library basedon suchnon-localinteractionsof secondarystruc-
tures. This library would be analogousto the I-sites library, but
while the I-siteslibrary recordsthecommonmotifs for shortcon-
tiguoussegments(3-19residues),thenew library will recordinter-
actionsbetweennon-contiguoussegments.For thelatterproblem,
weusedagglomerativeclusteringmethodandclusteredpatternsac-
cording to their similarities and evaluatedour clusteringquality.
We believe thatthis patternmining andclusteringresultsarehelp-
ful for proteinstructurepredictionsanddiscoveringproteinfolding
pathway.
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