
Vol. 23 ECCB 2006, pages e13Ðe16
doi:10.1093/bioinformatics/btl303BIOINFORMATICS

ISIS: interactio n sites identiÞed from sequence
Yanay Ofran1,2,! and Burkhard Rost1,2
1CUBIC & North-East Structural Genomics Consortium, Department of Biochemistry and Molecular Biophysics,
Columbia University, 630 West 168th Street, New York, NY 10032, USA and 2Columbia University Center for
Computational Biology and Bioinformatics (C2B2), 1130 St Nicholas Avenue, Rm 801, New York, NY 10032, USA

ABSTRACT

Motivation : Large-scale experiments reveal pairs of interacting pro-
teinsbut leave the residues involved in the interactions unknown.These
interface residues are essential for understanding the mechanism of
interaction and are often desired drug targets. Reliable identification of
residues that reside in proteinÐprotein interface typically requires anal-
ysis of protein structure. Therefore, for the vast majority of proteins, for
which there is no high-resolution structure, there is no effective way of
identifying interface residues.
Results: Here we present a machine learning-based method that iden-
tifies interacting residues from sequence alone. Although the method is
developedusing transientproteinÐprotein interfaces from complexesof
experimentally known 3D structures, it never explicitly uses 3D infor-
mation. Instead, we combine predicted structural features with evolu-
tionary information. The strongest predictions of the method reached
over 90% accuracy in a cross-validation experiment. Our results sug-
gest that despite the significant diversity in the nature of proteinÐprotein
interactions, they all share common basic principles and that these
principles are identifiable from sequence alone.
Contact: yanay.ofran@columbia.edu

1 INTRODUCTION
Many interactions but few interaction sites known. Large-scale
experimentscontributesubstantiallyto unravelingthe map of all
proteinÐproteininteractionsin cells (Gavinet al., 2002;Giot et al.,
2003;Ho et al., 2002;Li et al., 2004;Uetzet al., 2000).However,
they do not capturethe residuesthat areinvolved in theseinterac-
tions.Suchinformationis akeyto understandingproteinfunctionin
detail.Givenanexperimentalthree-dimensional(3D) structureit is
possibleto identify theinterfaceresidues.However,for over97%of
all experimentallycharacterizedpairsof interactingproteins,wedo
not have such high-resolutionexperimentalinformation. Several
studieshavegoneastepfurtherandshowedthatevena3D structure
of unboundproteinscouldsufÞcefor the identiÞcationof interface
residues(Fariselliet al., 2002;Fernandez-Recioet al., 2005;Jones
andThornton,1997;Neuvirth et al., 2004).However,for the vast
majority of known proteinsthereis no experimental3D structure,
andfor mostof themevena high-resolutionmodelis not available.
A computational-methodthat reliably identiÞesinterfaceresidues
from sequencecould, therefore,be extremelyvaluable.
Interfaces successfully and specifically predicted. Developinga

methodthatpredictsinterfaceresiduesrequirestheidentiÞcationof
thebiophysicalfeaturesthatenabletheinteraction.Differentstudies

haveoffereddifferent,occasionallycontradicting,accountson the
biophysicalnatureof interfaceresidues.Thus, it has often been
assumedthat thereareno commondenominatorsto interfaceresi-
dues.This assumptionhas recently been challengedby several
large-scaleanalyseswhich demonstratedthatbasedon thecompo-
sition of interactingresidues,we can clearly distinguishbetween
different typesof interfaces(JonesandThornton,1996;Ofranand
Rost,2003a).In particularit hasbeenshownthat residueÐresidue
contacts inside a globular domain differ from those between
domains;that the interfacesin homo-oligomersdiffer from those
in hetero-oligomersandthat interfacesbetweenpermanentlyinter-
acting chains(obligomers)differ from thosebetweentransiently
interactingones(oligomers).In fact, interfacesbetweentransiently
interactingproteinsdiffer sosubstantiallyin their aminoacidcom-
position from all other interfacesthat predictions from simple
sequence features are in principle possible (Ofran and Rost, 2003b).
Severalstudieshaverecently corroboratedour initial hypotheses
(Koike andTakagi,2004;Reset al., 2005;Wanget al., 2005).
Better information–better prediction. We also suggestedthat

using additional information such as that provided in multiple
sequencealignment should help (Ofran and Rost, 2003b). This
part of our original hypothesiswas veriÞed (Res et al., 2005).
Severalothercharacteristicsmaybecommonto manyproteininter-
facesand thus may enhancepredictions.For instance,interface
residueslikely to be accessibleto solvent in the unboundstate.
We also expectdetails about secondarystructureto be relevant
for proteininteractions.Therefore,in this studywe usedevolution-
ary proÞlesalongwith predictionsof solventaccessibilityandsec-
ondarystructure(Rost,2004)to predictwhethera residueis likely
to bepartof a proteinÐproteininterface.Combinedwith theunique
aminoacidcompositionof proteinÐproteininterfaces,thesefeatures
characterizeinterfaceresiduesanddifferentiatethemfrom the rest
of the protein.We employedsequenceanalysisandstructurepre-
diction tools to elicit thesefeaturesfrom sequence.Then,we used
themasinput for a combinationof machinelearningalgorithmsto
predictwhichresiduesin asequencearespatiallylocatedin proteinÐ
proteininterface.Thedatathatweusedfor trainingandtestingwere
collected from high-resolution3D structuresof proteinÐprotein
complexes deposited in the PDB, i.e. Protein Data Bank
(Bermanet al., 2000).

Thevastmajority of our predictionswascorrectfor proteinsfor
which we hadhigh-resolutioncomplexesavailable(testset).Note
that noneof thesetestproteinshadany signiÞcantsequencesimi-
larity to any of the proteins used for development(Methods).
Although our predictiondoesnot rely on knowing 3D structures
suchknowledgedoesimprove its performance(datanot shown).
By default,we usethesequenceto predictsomestructuralfeatures
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and then usethesefeaturesfor the prediction.Three-dimensional
structurewasused,however,in developingthemethod,in orderto
determinewhich residuesare in the interfacefor the purposeof
forming the testingandtraining set.

2 METHODS

2.1 Datasets
Dataset of known interactions. For training and testing, we used non-
redundantsubsets(below) from PDB (Berman et al., 2002; Bernstein
et al., 1977).Here,we focusedononeinteractiontype,namelythetransient
interactionbetweentwo non-identicalchainsof two different proteins.We
used a data-miningprocedure(Ofran and Rost, 2003a) to differentiate
betweencomplexesof transiently interactingproteinsandotherinteractions.
Applied to the non-redundant PDB, this procedureyielded1134chainsin
333complexes;therewere59559contactingresidues.A residuewasdeÞned
to bein aproteinÐproteininteractionif anyof its atomswaswithin 6 s of any
atomin the otherprotein.

Aligning proteins. First, we aligned all proteins in our datasetwith
MaxHom(SanderandSchneider,1991;SchneiderandSander,1996)against
SWISS-PROT (BairochandApweiler, 2000).Then,we built PSI-BLAST
(Altschulet al., 1997)proÞlesusingaÞlteredversionof all currentlyknown
sequenceswith threeiterations(D. PrzybylskiandB. Rost,manuscriptin
preparation).WeusedthesePSI-BLAST proÞlesbothasinput to thePROF-
phd seriesof methodspredictingsecondarystructureandsolventaccessi-
bility (Rost,2002b)andto themethoddescribedherethatpredictedresidues
in proteinÐprotein interactions.

Scores for measuring sequence similarity. The simplestway to measure
sequencesimilarity is percentagepairwisesequenceidentity (PIDE),i.e. the
percentageof residuesidentical betweentwo proteinsdivided by residues
aligned(not countinggaps).Thesecondmeasurewe usedwasgivenby the
statisticalexpectationvaluesas reportedby BLAST (E-VAL). The third
scoring schemethat we usedwas the HVAL, i.e. the distancefrom the
SanderÐSchneidercurve(Rost,1999;SanderandSchneider,1991):

HVAL ! PID "
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whereL wasthenumberof residuesalignedbetweentwo proteins,PIDEthe
percentageof pairwiseidentical residues.An HVAL of 0 deÞnesthe line,
abovewhich (almost)no two naturally evolvedproteinsdiffer grossly in
their 3D structures.To illustratethecurvefor alignmentlengthsaround100
residues,33% pairwisesequence identity sufÞcesto infer structure,above
250residues21%is signiÞcantandbelow11residueseven100%identity is
notenoughto infer structuralsimilarity. Althoughderivedto describestruc-
tural similarity, HVAL alsodistinguisheswell betweenproteinsof similar
anddissimilarfunction(Nair andRost,2002;Rost,2002a;Rostet al., 2003).

Non-redundant subsets. In order to reducethe bias from too similar
sequencesin the database,we built sequence-unique subsetsfor all types
of proteinsunderconsideration. ÔSequence-uniqueÕwasdeÞnedsuchthatno
pair in the set had an HVAL > 2 [Equation (1)]. Given an all-against-all
pairwisealignmentfor thebiasedset,wesimplyusedagreedysearchto Þnd
thelargestsubsetthatfulÞlledtheabovecondition. Notethatwhile this level
sufÞcesto infer somecoarse-grainedstructuralsimilarities in the coresof
two proteins,it usuallydoesnotsufÞceto mapsimilarsurfaces,andit clearly
doesnot sufÞcefor thehomology-inferenceof proteinÐproteininteractions.
A comprehensive analysisof conservation of interactionsindicatesthat
whensequenceidentity is lower than80% interactionsarenot conserved.

2.2 Tr aining neural networks
First level prediction. We trainedstandardfeed-forward neuralnetworks
with back-propagationandmomentumterm(Bohr et al., 1988,1990;Qian
andSejnowski, 1988;RostandSander,1993)on windowsof nineconsecu-
tive residues.A window wasdeÞnedaspositive,if the centralresiduehad

anyatomthatwaswithin 6 s of anyatomin adifferentprotein.Thisyielded
asetwith 59559positivesamples.We trainedon two-thirdsof thedataand
testedit on the remainingone-third.

Second level refinement filter. Next, we Þlteredthe raw networkpredic-
tions. Our analysisof protein interfacesat the sequencelevel suggested
that most interacting residueshave other interacting residuesin their
sequenceneighborhood(OfranandRost,2003b).Therefore, we eliminated
predictionswith fewer thansevenraw predictionswithin ten adjacentresi-
dues(Þveon eitherside).

2.3 Evaluation of performance
Measuring accuracy. We evaluatedthe performance of our methodby its
accuracy(numberof correctlypredictedinterfaceresidues/numberof pre-
dicted interface residues),and coverage(number of correctly predicted
interface residues/number of observedinterfaceresidues). We also com-
putedthe total two-stateaccuracy(numberof correctpredictions/number
of residues).Notethatall estimateswerederivedfor the testsettoo distant
for homology-basedpredictions(Aloy andRussell,2002).

Random prediction. To obtain the expectedcoverageand accuracyat
randomwe reshufßed the predictionsin the following way: eachprotein
was representedby two strings of the samelength, one representingits
sequenceandthe other representingthe predictions(ÔPÕfor an interacting
residue,Ô-Õforanon-interacting residue).Then,wesplit thepredictionstring
into half andassignedthepredictionsof theÞrsthalf of thesequenceto the
secondandvice versa.This processaccountedfor anysizeeffect thatcould
be causedby the numberof predictionsand for any effect causedby the
heterogeneousdistributionof contacting residuesalongthe sequence.Fur-
thermore,it enabledusto Þnda speciÞcexpectationfor eachscalingof the
prediction.Wegenerateddifferentrandommodelsfor differentvaluesof the
ROC-likecurve(Figure1).Ourbackgroundmodelcapturedhowrandomour
predictionswereratherthanhowwell we couldpredictinterfaceresiduesat
random.

Estimates for accuracy. We divided our datasetof non-redundant com-
plexesinto threeparts;oneweusedfor trainingtheneuralnetworks,onefor
decidingwhento stoptraining(cross-trainingset)andthelastto estimatethe
performance (test or validation set). We rotatedaround,such that each
protein was onceusedfor testing,i.e. we actually trained threedifferent
versionsof all networks.All our estimateswerevalid for the testingset in
which we usedno information aboutstructureto Þt any parameter.

3 RESULTS AND DISCUSSION
Assumption: not observed ! not existing. One importantquestion
for theevaluationof performanceis howfalsepositivesaretreated,
i.e. residuesthat are predictedto be in transientproteinÐprotein
interfacesbut havenot beenobserved,or moreextremely,happen
not to be part of the datasetthat we chose.Residuesthat are not
observedto physicallyinteractin anyparticularcomplexmightstill
interactwith otherproteins.In fact, manyproteinsareobservedin
different interactionsoften usingdifferent interactionsitesfor dif-
ferenttargets(Gavinet al., 2002;Giot et al., 2003;Li et al., 2004;
Uetz et al., 2000). Nevertheless,we consideredany residuenot
observedin the given complexesas negatives.This solution was
conservativein the sensethat it clearly underestimatedour perfor-
mance,at leastfor the major scoresthat we reported,namelythe
accuracyin predictinginteractionresidues.
Significant improvement in performance. Our Þrst Þndingwas

that the raw neural network output was signiÞcantlybetter than
random.Sincefew residuesin proteinÐproteininterfacesare iso-
lated(OfranandRost,2003b),weÞlteredtherawnetworkoutputby
simplyomitting isolatedpredictions.This secondstepconsiderably
improvedtheperformanceof ourmethod(Figure1).Usingdifferent
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conÞdencethresholds(picking different points in Figure 1) it is
possibleto increaseaccuracy(true positives/allpositives)at the
expenseof coverage(truepositives/truepositives+ falsenegatives).
At ' 61%accuracy,we foundat leastonecorrectinterfaceresidue
in over 90% of the proteinsin our test set. DeÞninginteracting
residuesbasedon3Dstructuresprovidedenoughdatato trainneural
networksandto estimatesustainedperformance.
Clean comparison to other method impossible. Manymethodsfor

the prediction of interactionsites have beenintroduced(Armon
et al., 2001; Fariselli et al., 2002; Fernandez-Recioet al., 2005;
JonesandThornton,1997;Koike andTakagi,2004;Neuvirthet al.,
2004;PazosandValencia,2002;Reset al., 2005;Wanget al., 2005;
WodakandMendez,2004).Wewantedto comparetheperformance
of our method to that of the methodsthat rely exclusively on
sequence.Sincedevelopersuseddifferent datasets,we could not
compareour methoddirectly with theperformancereportedin the
literature.Furthermore,not all methodsarepublicly availableand
thosethatareavailableoftenusedifferentdeÞnitionsfor interaction
sites.Someof themethodsattemptto predictaveryspeciÞctypeof
interface,while othersattemptto identify all functionallyimportant
residues.Therefore,to enablea meaningfulcomparison,we imple-
mentedtwo methodsthat representtwo approaches:(1) usingonly
sequenceas input and (2) using a combinationof sequenceand
evolutionaryknowledge.We trained thesemethodson the same
datasetand comparedtheir performancewith that of our new
method.
Predicted structure improves performance. What we could

explicitly assesswasthe importanceof combiningpredictedstruc-
tural features with evolutionary and other information. Our
hypothesisin this studywasthat this sort combinationwould sig-
niÞcantly improve our ability to distinguish between residues
that residein proteinÐproteininterfacesand residuesthat do not.

Correlationsbetweensuch featuresand binding are typically so
subtlethat we cannotusesimple linear statisticsto predict them.
Thereforewe usedartiÞcial neuralnetworksfor this task. These
networksimplicitly yetreliably identiÞedcommondenominatorsof
proteinÐproteininterfaces.Thereby,we developeda methodthat
predictsresiduesin proteinÐproteininterfacesfor uncharacterized
sequences.Analyzingperformanceonalargescalesuggestedthatat
a level of accuracythat correspondsto ' 60Ð70%of our positive
predictions(interacting residues)and to ' 98% of our negative
predictions(non-interacting)we can identify more than 10% of
the residuesfound in the interface.Note that Figure1 reportsthe
positiveaccuracyandcoverage,namely,theperformanceon inter-
faceresiduesin the testset.It doesnot report the negativevalues
(accuracyandcoveragefor predictingresiduesthat arenot in the
interface).The total two-stateaccuracyof our method(namelythe
total number of correctly predicted residues,both positive and
negative,over the total numberof residues)is 0.68.
Many proteins have no homologues. In the pastwe haveshown

that aminoacid sequencealonesufÞcesto identify someinterface
residues(OfranandRost,2003b).Severalstudieselaboratedonthis
notionanddemonstratedhow addingevolutionaryinformationcan
improvethesepredictions.However,oneproblemof theevolution-
basedmethodsis their inability to dealwith proteinsthathavevery
few or non-known sequencehomologues.The percentageof
sequencesthat have no detectablehomologueis estimatedto be
around30(FischerandEisenberg,1999).Hence,theapplicabilityof
methodsthatrely solelyonhomologyis limited,particularlywhenit
comesto proteomic-scaleanalysis.About 5% of the sequencesin
ourtestsetdid nothaveanysequencehomologin publicly available
databases.Conservation-basedmethodswould not be able to ana-
lyze thesesequences.However,the averagetotal two statesaccu-
racy of ISIS for theseproteinswas0.59Ñlower thanthe accuracy
for proteinswith an elaborateevolutionaryproÞle but still high
comparedwith othermethods(Table1).
Better two-state performance. Res et al. (2005) assessedthe

performanceof different methodsbasedon their total two-state
accuracy.Following their footstepswe benchmarkedthe total
two-stateaccuracyof our methodcomparedwith the two other
predictorswe implemented:one that is basedonly on sequence
and the other that usesevolutionaryinformation. Our resultsfor
the latter two methodswerevirtually identicalto thosereportedby
Res et al. ISIS, which incorporatespredictedstructural features,
surpassesthe sequenceor evolutionary-basedmethodsevenin the
lack of extensiveevolutionaryproÞle.

It is importantto notethatour trainingsetis limited to complexes
found in PDB. Thus,thepredictionmight incur anybiasthatPDB
has.In particular,asigniÞcantfractionof theinteractionsin thecell
involvesmembraneproteins,whichareunderrepresentedin PDB.It
is, therefore,hard to assessthe performanceof the method on
membraneproteins.Thus,onecouldexpectthat ISIS will perform
adequatelyon theextracellularandintracellularsegmentsof trans-
membrane proteins. It is rather unlikely, though, that ISIS
could predict successfullyinteractionsites that are embeddedin
the membrane.

In summary,weshowthatevenwhenthereis noexperimental3D
structure,structuralanalysisis essentialfor successfulpredictionof
interaction sites. Better utilization of structure prediction may
enhancethesepredictionsevenfurther. Theseresultsshow,once
again, that a combinationof all relevant featuresimproves the

Fig. 1. Accuracyversuscoveragefor our predictionmethod(circles)anda
randomprediction(triangles) usingPDBinterfacesasgoldstandard.Thedata
were compiledfor a set of proteinsthat was not usedfor developingthe
method.Thestrongertheconfidenceinourprediction,thehighertheaccuracy
andthelowerthecoverage,i.e.whenweselectthestrongestpredictions,most
of theseare right. Around 0.61 accuracy(arrow), our methodcorrectly
predictedat leastoneresiduein mostof theproteinsin our dataset.
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performanceof a prediction method.More importantly, by not
relying on a single feature,ISIS ascertainsthat good predictions
will beavailableevenfor proteinsthathavenoknownhomologues.
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