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ABSTRACT

Motivation : Large-scale experiments reveal pairs of interacting pro-
teins butleave the residuesinvolvedin 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 proteinBprotan 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 presenta machine learning-based method thatiden-
tifies interacting residues from sequence alone. Although the method is
developed using transient proteinBprdein interfaces from complexes of
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 proteinBprdein
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
proteinbproteiinteractionsn cells (Gavinet al., 2002;Giot et al.,
2003;Ho er al., 2002;Li et al., 2004;Uetz et al., 2000).However,
they do not capturethe residueghat areinvolved in theseinterac-
tions.Suchinformationis akeyto understandingroteinfunctionin
detail. Givenanexperimentathree-dimensiong3D) structureit is
possibleoidentify theinterfaceresiduesHowever for over97%of
all experimentallycharacterizegbairsof interactingproteinswe do
not have such high-resolutionexperimentalinformation. Several
studieshavegoneastepfurtherandshowedhatevena 3D structure
of unboundproteinscould sufbcefor theidentipcationof interface
residueqFariselliet al., 2002;Fernandez-Recier al., 2005;Jones
and Thornton,1997; Neuvirth et al., 2004). However,for the vast
majority of known proteinsthereis no experimental3D structure,
andfor mostof themevena high-resolutiormodelis not available.
A computational-methothat reliably identibesinterfaceresidues
from sequenceould, therefore be extremelyvaluable.

Interfaces successfully and specifically predicted. Developinga
methodthatpredictsinterfaceresiduesequiresheidentipcatiornf
thebiophysicafeatureghatenabletheinteraction Differentstudies
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haveoffereddifferent, occasionallycontradicting,accountson the
biophysicalnature of interfaceresidues.Thus, it has often been
assumedhatthereareno commondenominatorgo interfaceresi-
dues. This assumptionhas recently been challengedby several
large-scaleanalysesvhich demonstratethat basedon the compo-
sition of interactingresidueswe can clearly distinguishbetween
differenttypesof interfacegJonesand Thornton,1996; Ofran and
Rost,2003a).In particularit hasbeenshownthat residuebresidue
contactsinside a globular domain differ from those between
domains;that the interfacesin homo-oligomerdiffer from those
in hetero-oligomersndthatinterfacesbetweenpermanentlyinter-
acting chains (obligomers)differ from those betweentransiently
interactingones(oligomers).In fact, interfacesbetweertransiently
interactingproteinsdiffer sosubstantiallyin theiraminoacid com-
position from all other interfacesthat predictions from simple
sequence features are in principle possible (Ofran and Rost, 2003b).
Severalstudieshave recently corroboratedour initial hypotheses
(Koike and Takagi, 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 veribed (Res et al., 2005).
Severabthercharacteristicenaybecommonto manyproteininter-
faces and thus may enhancepredictions.For instance,interface
residueslikely to be accessibleto solventin the unboundstate.
We also expectdetails about secondarystructureto be relevant
for proteininteractionsThereforejn this studywe usedevolution-
ary problesalongwith predictionsof solventaccessibilityandsec-
ondarystructure(Rost,2004)to predictwhethera residueis likely
to be partof a proteinbproteiinterface.Combinedwith the unique
aminoacidcompositiorof proteinbproteimterfacesthesefeatures
characterizénterfaceresiduesanddifferentiatethemfrom the rest
of the protein. We employedsequenceanalysisand structurepre-
diction toolsto elicit thesefeaturesfrom sequenceThen,we used
themasinput for a combinationof machinelearningalgorithmsto
predictwhichresiduesn asequencarespatiallylocatedin proteinb
proteininterface Thedatathatwe usedfor trainingandtestingwere
collected from high-resolution3D structuresof proteinBprotein
complexes deposited in the PDB, i.e. Protein Data Bank
(Bermanet al., 2000).

The vastmajority of our predictionswascorrectfor proteinsfor
which we had high-resolutioncomplexesavailable(testset). Note
that noneof thesetestproteinshad any signiPcantsequencesimi-
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 usethe sequenceo predictsomestructuralfeatures
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and then usethesefeaturesfor the prediction. Three-dimensional
structurewasused however,in developingthe method,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 focusedon oneinteractiontype,namelythe transient
interactionbetweentwo non-identicalchainsof two different proteins.We
used a data-mining procedure(Ofran and Rost, 2003a) to differentiate
betweercomplexef transienty interactingproteinsandotherinteractions.
Applied to the non-redundanPDB, this procedureyielded 1134 chainsin
333complexestherewere59559contactingesiduesA residuevasdebned
to bein aproteinfproteininteractionif anyof its atomswaswithin 6 s of any
atomin the other protein.

Aligning proteins. First, we aligned all proteinsin our datasetwith
MaxHom(SandeandSchneider1991;SchneideandSander1996)against
SWISS-PR@ (Bairochand Apweiler, 2000). Then,we built PSI-BLAST
(Altschuler al., 1997)problesusinga plteredversionof all currentlyknown
sequencesvith threeiterations(D. Przybylskiand B. Rost, manuscriptin
preparation)We usedthesePSI-BLAST proPlesbothasinputto the PROF-
phd seriesof methodspredictingsecondarystructureand solventaccessi-
bility (Rost,2002b)andto themethoddescribedherethatpredictedresidues
in proteinbprotia interactions.

Scores for measuring sequence similarity. The simplestway to measure
sequencsimilarity is percentag pairwisesequencéentity (PIDE),i.e. the
percentagef residueddentical betweentwo proteinsdivided by residues
aligned(not countinggaps).The secondmeasureve usedwasgiven by the
statisticalexpectationvaluesas reportedby BLAST (E-VAL). The third
scoring schemethat we usedwas the HVAL, i.e. the distancefrom the
SanderbScteidercurve (Rost, 1999; Sanderand Schneider,1991):
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whereL wasthenumberof residueslignedbetweertwo proteins PIDE the
percentagef pairwiseidenticalresiduesAn HVAL of 0 dePneghe line,
abovewhich (almost)no two naturaly evolved proteinsdiffer grosslyin
their 3D structuresTo illustratethe curvefor alignmentlengthsaround100
residues33% pairwisesequene identity sufbcedo infer structure,above
250residue21%is signibcanandbelow11 residuesven100%identity is
notenoughto infer structuralsimilarity. Althoughderivedto describestruc-
tural similarity, HVAL alsodistinguishesvell betweenproteinsof similar
anddissimilarfunction(Nair andRost,2002;Rost,2002a;Rostet al., 2003).
Non-redundant subsets. In order to reducethe bias from too similar
sequencef the databasewe built sequence-ique subsetdor all types
of proteinsunderconsiderationOSequenaamique@asdebneduchthatno
pair in the sethadan HVAL > 2 [Equatian (1)]. Given an all-against-dl
pairwisealignmentfor the biasedset,we simply useda greedysearcho Pnd
thelargestsubsethatfulblled theabovecondition Notethatwhile thislevel
sufpcedo infer somecoarse-gainedstructuralsimilarities in the coresof
two proteins;t usuallydoesnotsufbceo mapsimilar surface, andit clearly
doesnot sufpcefor the homology-infeenceof proteinfproteininteractions.
A comprehensie analysisof conservabn of interactionsindicatesthat
when sequenceédentity is lower than 80% interactionsare not conserved

2.2 Training neural networks

First level prediction. We trained standardfeed-forward neural networks
with back-promgationandmomentumterm (Bohr ez al., 1988,1990; Qian
andSejnowsk 1988;RostandSander,1993)on windowsof nine consecu-
tive residuesA window wasdebnedaspositive,if the centralresiduehad

anyatomthatwaswithin 6 s of anyatomin adifferentprotein.Thisyielded
asetwith 59 559 positivesamplesWe trainedon two-thirdsof the dataand
testedit on the remainingone-third.

Second level refinement filter. Next, we Plteredthe raw networkpredic-
tions. Our analysisof protein interfacesat the sequencdevel suggested
that most interacting residueshave other interacting residuesin their
sequenceeighbortwod (OfranandRost,2003b).Therefore we eliminated
predictonswith fewerthansevenraw predictionswithin ten adjacentresi-
dues(bveon eitherside).

2.3 Evaluation of performance

Measuring accuracy. We evaluatedthe performane of our methodby its
accuracy(numberof correctly predictedinterfaceresidues/amberof pre-
dicted interface residues),and coverage(number of correcty predicted
interface residues/nuter of observedinterfaceresidues)We also com-
putedthe total two-stateaccuracy(numberof correctpredictions/nurber
of residues)Note thatall estimatesverederivedfor the testsettoo distant
for homology-tasedpredictions(Aloy and Russell,2002).

Random prediction. To obtain the expectedcoverageand accuracyat
randomwe reshuff3e the predictionsin the following way: eachprotein
was representedy two strings of the samelength, one representingts
sequencend the otherrepresentinghe predictons (OP@r an interacting
residue O-Ofa@rnon-interadng residue) Then,we split the predictionstring
into half andassignedhe predictionsof the prsthalf of the sequenceo the
secondandyvice versa.This processaccountedor any sizeeffectthatcould
be causedby the numberof predictionsand for any effect causedby the
heterogeneus distribution of contactng residuesalongthe sequenceFur-
thermore jt enabledusto Pnda specibaexpectatiorfor eachscalingof the
predicton. We generatediifferentrandommodelsfor differentvaluesof the
ROC-likecurve(Figurel). Ourbackgrounanodelcapturechowrandomour
predictonswereratherthanhow well we could predictinterfaceresiduesat
random.

Estimates for accuracy. We divided our datasef non-redundaincom-
plexesinto threeparts;onewe usedfor trainingthe neuralnetworks onefor
decidingwhento stoptraining(cross-traning set)andthelastto estimatehe
performare (test or validation set). We rotated around, such that each
protein was once usedfor testing,i.e. we actually trained three different
versionsof all networks.All our estimatesverevalid for the testingsetin
which we usedno information aboutstructureto bt any parameter

3 RESULTS AND DISCUSSION

Assumption: not observed ! not existing. Oneimportantquestion
for the evaluationof performances how falsepositivesaretreated,
i.e. residuesthat are predictedto be in transientproteinBprotein
interfacesbut havenot beenobservedpr more extremely,happen
not to be part of the datasethat we chose.Residueghat are not
observedo physicallyinteractin any particularcomplexmight still
interactwith otherproteins.In fact, manyproteinsare observedn
differentinteractionsoften usingdifferent interactionsitesfor dif-
ferenttargets(Gavinet al., 2002;Giot et al., 2003;Li et al., 2004;
Uetz er al., 2000). Neverthelessyve consideredany residuenot
observedn the given complexesas negatives.This solution was
conservativan the sensehatit clearly underestimatedur perfor-
mance,at leastfor the major scoresthat we reported,namelythe
accuracyin predictinginteractionresidues.

Significant improvement in performance. Our Prst bndingwas
that the raw neural network output was signibcantlybetter than
random.Since few residuesin proteinBproteirinterfacesare iso-
lated(OfranandRost,2003b) we blteredtheraw networkoutputby
simply omitting isolatedpredictions.This secondstepconsiderably
improvedthe performancef ourmethod(Figurel). Usingdifferent
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Fig. 1. Accuracyversuscoverageor our predictionmethod(circles)anda
randonprediction(triangleg usingPDBinterfacessgoldstandardThedata
were compiledfor a setof proteinsthat was not usedfor developingthe
methodThestrongetheconfideneinourpredictionthehighertheaccuracy
andthelowerthecoveragei.e.whenweselecthestrongespredictionsmost
of theseare right. Around 0.61 accuracy(arrow), our method correctly
predictedat leastoneresiduein mostof the proteinsin our dataset.

conbdencehresholds(picking different pointsin Figure 1) it is

possibleto increaseaccuracy(true positives/all positives) at the

expens®f coveragdtruepositives/trugositives+ falsenegatives).
At' 61%accuracywe foundat leastonecorrectinterfaceresidue
in over 90% of the proteinsin our test set. DePninginteracting
residuedasedn 3D structureprovidedenoughdatato trainneural
networksandto estimatesustainedperformance.

Clean comparison to other method impossible. Many methoddor
the prediction of interaction sites have beenintroduced (Armon
et al., 2001; Fariselli er al., 2002; Fernandez-Recier al., 2005;
JonesandThornton,1997;Koike andTakagi,2004;Neuvirther al.,
2004;PazosandValencia,2002;Reset al., 2005;Wanget al., 2005;
WodakandMendez 2004).Wewantedto compareheperformance
of our methodto that of the methodsthat rely exclusively on
sequencesSince developersuseddifferent datasetswe could not
compareour methoddirectly with the performanceeportedin the
literature. Furthermorenot all methodsare publicly availableand
thosethatareavailableoftenusedifferentdepnitiondor interaction
sites.Someof themethodsattemptto predicta very specibdype of
interface while othersattemptto identify all functionallyimportant
residuesThereforeto enablea meaningfulcomparisonyve imple-
mentedtwo methodgthatrepresentwo 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 assessvastheimportanceof combiningpredictedstruc-
tural features with evolutionary and other information. Our
hypothesidn this studywasthat this sort combinationwould sig-
nibcantly improve our ability to distinguish between residues
that residein proteinbproteininterfacesand residuesthat do not.

Correlationsbetweensuch featuresand binding are typically so
subtlethat we cannotuse simple linear statisticsto predictthem.
Thereforewe usedartibcial neural networksfor this task. These
networksimplicitly yetreliably identipedcommondenominatoref
proteinbproteirinterfaces.Thereby,we developeda methodthat
predictsresiduesin proteinbproteirinterfacesfor uncharacterized
sequencednalyzingperformancenalargescalesuggestethatat
a level of accuracythat corresponddo ' 60D70%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 Figure 1 reportsthe
positiveaccuracyandcoveragenamely,the performanceon inter-
faceresiduesn thetestset. It doesnot reportthe negativevalues
(accuracyand coveragefor predictingresidueshat are not in the
interface).The total two-stateaccuracyof our method(namelythe
total number of correctly predictedresidues,both positive and
negative,over the total numberof residues)s 0.68.

Many proteins have no homologues. In the pastwe haveshown
that aminoacid sequencelonesufbcego identify someinterface
residuegOfranandRost,2003b).Severaktudieselaboratean this
notion anddemonstratethow addingevolutionaryinformationcan
improvethesepredictions However,oneproblemof the evolution-
basedmethodss their inability to dealwith proteinsthathavevery
few or non-known sequencehomologues.The percentageof
sequenceshat have no detectablehomologueis estimatedto be
around30 (FischerandEisenberg1999).Hence theapplicability of
methodsghatrely solelyonhomologyis limited, particularlywhenit
comesto proteomic-scalenalysis.About 5% of the sequence
ourtestsetdid nothaveanysequenc&omologin publicly available
databasesConservation-baseshethodswould not be able to ana-
lyze thesesequenceddowever,the averagetotal two statesaccu-
racy of ISIS for theseproteinswas 0.59Nlower thanthe accuracy
for proteinswith an elaborateevolutionary probPle but still high
comparedwith othermethods(Table 1).

Better two-state performance. Res et al. (2005) assessedhe
performanceof different methodsbasedon their total two-state
accuracy. Following their footstepswe benchmarkedthe total
two-stateaccuracyof our method comparedwith the two other
predictorswe implemented:one that is basedonly on sequence
and the other that usesevolutionaryinformation. Our resultsfor
the latter two methodswerevirtually identicalto thosereportedby
Reset al. I1SIS, which incorporatespredictedstructuralfeatures,
surpassethe sequencer evolutionary-basednhethodsevenin the
lack of extensiveevolutionaryproble.

It isimportantto notethatourtrainingsetis limited to complexes
foundin PDB. Thus,the predictionmight incur any biasthat PDB
has.In particular,asignibcanfractionof theinteractiondn thecell
involvesmembrangroteinswhichareunderrepresentdad PDB. It
is, therefore,hard to assesghe performanceof the method on
membrangroteins.Thus,one could expectthat ISIS will perform
adequatelyn the extracellularandintracellularsegment®f trans-
membrane proteins. It is rather unlikely, though, that ISIS
could predict successfullyinteractionsites that are embeddedn
the membrane.

In summarywe showthatevenwhenthereis noexperimentaBD
structure structuralanalysiss essentiafor successfupredictionof
interaction sites. Better utilization of structure prediction may
enhancethesepredictionseven further. Theseresultsshow, once
again, that a combinationof all relevantfeaturesimprovesthe
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Table 1. Two-stateaccuracydependingon input information used

Method Total two-state
accuracy

Predictionbasedon sequencalone 0.58

Predictionbasedon evolutionaryconservation 0.6

ISIS 0.68

ISISis the methal thatusesall input featuresdescribedn the Methodssection.

performanceof a prediction method. More importantly, by not
relying on a single feature, SIS ascertainghat good predictions
will beavailableevenfor proteinsthathaveno knownhomologues.
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