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Abstract: The recentavailability of large datasetsof protein- protein-interactions
(PPIs)from variousspeciesoffersnew opportunitiesfor functionalgenomicsandpro-
teomics. We describea methodfor exploiting conserved and connectedsubgraphs
(CCSs)in thePPInetworksof multiple speciesfor thepredictionof proteinfunction.
Structuralconservationiscombinedwith functionalconservationusingaGeneOntology-
basedscoringscheme.Weappliedourmethodto thePPInetworksof fivespecies,i.e.,
E. coli, D. melanogaster, M. musculus,H. sapiensandS.cerevisiae.We detectedsur-
prisingly largeCCSsfor groupsof threespeciesbut not beyond. A manualanalysis
of thebiologicalcoherenceof exemplarysubgraphsstronglysupportsacloserelation-
ship betweenstructuralandfunctionalconservation. Basedon this observation, we
devised an algorithmfor function predictionbasedon CCS.Using our method,for
instance,we predictnew functionalannotationsfor humanbasedon mouseproteins
with a precisionof 70%.

1 Introduction

Protein-proteininteractions(PPIs)arefundamentalfor all biologicalprocesses.They are
crucial to cellular function especiallyin signal transduction,metabolismand assembly
of functionalproteincomplexes. The developmentof high-throughputtechnologiesfor
detectingPPI, suchasmassspectrometry[AM03], co-immunoprecipitation[PF95], and
yeasttwo-hybrid [WV01], led to anenormousincreaseof datain this area,which offers
new opportunitiesandnew challengesfor understandingcellular functions,evolutionary
changes,anddiseases.For instance,network comparisonshelp to identify commonmo-
tivesof cellular interactionsandmayyield informationaboutthepresenceandorganiza-
tion of functionalmodules[SM03].

Especiallytheanalysisof conservedinteractionsin thenetworksof differentspecies(also
called interlogs)hasrecentlyreceived considerableattention[SI06]. Thesestudiesare
basedon the hypothesisthat structuralconservationcorrelateswith functionalconserva-
tion. Thus, if two orthologousproteinshave interactionswith the samesetof otheror-
thologousproteins,it maybespeculatedthat thesetwo proteinsalsohave thesamefunc-
tion. This ideawas,for instance,usedby Sharanet al. who comparedthe networks of
worm, yeast,andfly andderivednew annotationswith anestimatedprecisionof around
60%[Se05].



In this paper, we reporton initial resultson increasingthe precisionof function predic-
tion basedon structuralconservationthatwould alsobe applicableto humangenes.We
presenta strategy for exploiting the existenceof highly conserved subgraphswithin the
PPI networks of multiple species. Our approachfirst identifiesgroupsof orthologous
proteinsin multiplespeciesusingsequencesimilarity. Next, clustersof topologicallycon-
served andconnectedsubgraphs(CCSs)aredetectedusinga fastalgorithmfor network
comparisons.We manuallyanalyzedsomeof thesesubgraphs,which includesa giant
componentof 327proteinsand413interactionsperfectlyconservedbetweenhumanand
mice,for their biologicalcoherence.We couldsustainthehypothesisthatstructuralcon-
servationof interactionsstronglycorrelateswith functionalsimilarity. Basedon this ob-
servation,we devisedanalgorithmwhich predicts,for proteinswith missingannotations,
GO-terms[Ae00] basedon the annotationof otherproteinsin the sameCCS.We eval-
uatedour approachusingperturbationanalysisandcross-validationfor all CCSswhich
have a certainlevel of functionalcoherenceof their annotations.Using our method,we
canpredict,for instance,55 new annotationsfor humanproteinsbasedon mousewith an
estimatedprecisionof 70%.

Our methodis different from previous approachesto function prediction using struc-
tural conservation of networks in a numberof points. The publicly availabletool Path-
BLAST [Ke04] searchesfor high-scoringpathwayalignmentsbetweenpairsof interaction
paths,whereproteinsof onepatharepairedwith putative orthologousproteinsoccurring
in the sameorder in a secondpath. Evolutionaryvariations,missingdata,andexperi-
mentalerrorsaretaken into accountby allowing gapsandmismatchesin the alignment.
This methodis differentto our approachin threeaspects:First, PathBlastconsidersonly
linear pathways, while we also find complex subgraphs.Second,PathBlastis able to
detectapproximatelyconservedpaths,while we only strive for perfectlyconservedsub-
graphs.Finally, PathBlastcanonly analyzepairsof networks,while wework onup to five
species.Westronglybelievethatourapproachis moresuitableto guaranteehighprecision
for functionprediction– at thecostof lower recall.

Sharanet. al proposedanalgorithmfor thedetectionof conservedstructuresamongthree
specieswhich they alsousedfor functionprediction[Se05]. They build a graphof nodes
representinggroupsof sequence-similarproteinsand edgesrepresentingconserved in-
teractionsbetweenthoseprotein groups. A searchover the alignmentgraphresultsin
linear pathsof interactingproteinsand denseclusterof interactions,modelingprotein
complexes.Thesearchalgorithmexhaustively detectshigh-scoringsubnetwork seedsand
expandsthemin a greedyfashion.Thepredictionof proteinfunction is basedon theas-
sumptionthat a conservedsubnetwork in which many proteinsareof the samefunction
suggeststhat theremainingproteinsin thesubnetwork will alsohave this function. They
identifieda high numberof approximatelyconservedsubgraphsresultingin functionpre-
dictionswith precisionsbetween33% and63% dependingon speciesandontology. In
contrastto Sharanet al., our predictionis basedon annotationsof orthologousproteins
andthustransfersannotationacrossspecies.Also, GO termsaretransferredspecifically
betweenorthologousproteinpairs,not in betweenentireCCSs.Again,ourmethodresults
in a lowernumberof predictionsbut in a higherprecision.



2 Methods

Data We usedthe PPI networks of Escherichia coli, Homo sapiens, Mus musculus,
Saccharomyces cerevisiae andDrosophila melanogaster. Protein-proteininteractiondata
wereobtainedfrom the Databaseof InteractingProteins[Se04], BIND [BBH03], Mam-
malian MIPS [Pe05], IntAct [He04] (all April ’06) and the HumanProteinReference
Database[Pe03] (August ’06). The datasetswere mergedbasedon UniProt-IDs. In-
formation about the experimentalevidenceunderlyingan interactionwas ignored(see
Discussion).The total numbersof proteinsandinteractionsof the differentspeciesare
shown in Table1 aswell asthemediannumberof GO termsperprotein. Theevolution-
ary relationshipsbetweenthesespecies,which shouldhave an impacton the degreeof
conservationbetweeninteractions,areshown in Figure1.

Table1: Total numberof proteinsandinteractions,andthemediannumberof GO termsperprotein
for five species.

Species # Proteins # PPIs GO terms/
Protein

E. coli 2235 7703 0
S. cerevisiae 5864 25527 3
H. sapiens 9695 34979 2
M. musculus 3247 3116 2
D. melanogaster 10232 41332 1

We alsousedproteinsequencesandproteindomaininformation(for determininggroups
of orthologousproteins)andfunctionalannotations(for measuringfunctionalconservation
andcoherence).We obtained31273proteinsequences,6760InterProdomains,and6370
GeneOntologyannotationsfrom theUniProtKnowledgeBase[Be03].

Detection of Orthologous Protein Groups We useda rathersimpletwo-stepmethod
for detectingputativeorthologybetweentwo or moreproteins(seeDiscussion).In thefirst
step,we considerproteinsenzymeclasses,InterProdomains,andsequencealignmentsto
detectpotentialorthologyrelationships.In a secondstep,we applya globaloptimization
algorithmfor determiningtheoptimalassignmentof proteinsto orthologgroups.

We first partitionedproteinsinto groupsof potentialorthologsusing EC numbersand
InterProdomains. EC numbersform a numericalclassificationsystemdivided into six
classesthat characterizeenzymesbasedon the chemicalreactionsthey catalyze. Thus,
proteinsof differentEC classescannotsharethe samefunctionandwe consideredthem
asnon-orthologous.Furthermore,we assumedthatorthologsmustshareat leastoneIn-
terProdomain.Thesequencesof all proteinswithin onepartitionwerecomparedto each
otherusingglobalsequencealignment[NW70]. If thesequenceidentity wasabove40%,
we saved this valueandconsideredthe pair of proteinsaspotentiallyortholog. We also
performedthe sameprocedurefor all pairs of proteinswith missingEC classesand/or
InterProinformation.



In thesecondstep,we formeda graphfrom theproteinsandtheir potentialrelationships.
Edgesarelabeledwith thepercentageof sequenceidentify betweentheproteinsthey con-
nect. This graphis bipartite if only two speciesareconsideredandmultipartite if three
or morespeciesareconsidered,becausethe proteinsof onespeciesarenever connected
by edges. Thus, finding an assignmentof nodesto ortholog groupswhich maximizes
theoverall sequenceidentity is an instanceof the linearor multidimensionalassignment
problem(LAPs/MAPs),respectively.

For two species,the LAP (also known as bipartite matching)can be solved optimally
in
�������	�

using the Hungarianalgorithm [Kuh55] (where
�

is the numberof nodesof
the larger partition). For more than two species,the problemis NP-completeand can
only be solved approximatelyfor non-trivial instances[BCS94, BS91]. In thosecases,
we usedaniterative greedyheuristicto assignproteinsinto orthologousgroups.We first
orderthe speciesaccordingto their phylogeneticrelationship(seeFig. 1). We randomly
choseaprotein 
 � from thefirst speciesandfind theprotein 
�� with maximumsequence
similarity to 
 � in thesecondspecies,andsoonuntil 
�
 . Oncesuchacompletegroupof
proteinswasidentified,all involvedproteinswereremovedfrom thegraphandthegroup
wasstoredasorthologous.If thesearchdidnotfindanorthologin oneof thesteps(because
in thenext speciesno proteinwith sufficient similar sequenceexisted),we alsoremoved
theproteinsbut formedno orthologousgroup.This wasrepeateduntil all proteinsof any
of thespeciesinvolvedhadbeenremoved.

Figure1: Phylogenetictreeof theconsideredspecies.

Detection of CCS Basedon the computedgroupsof orthologousproteins,we useda
modificationof thealgorithmfor frequentsubgraphdiscoverydescribedin [KAGS04] for
detectingCCSs.Our procedureconsistsof two steps:

1. Identificationof conservedinteractions.

2. Assemblyof conservedinteractionsto maximallyconnectedsubgraphs.

For two species,we first identifiedall pairsof interactionsbetweenproteins
 �	����� in the
first speciesand 
 � ��� � in the secondspecieswere 
 � and 
 � and ��� and � � werepre-
viously identifiedasorthologs.Thus,only interactionscontainedin bothPPIgraphswere
consideredfurther. Out of this set,oneinteractionwaschosenasseededgeof a subgraph
andall interactionsadjacentto this subgraphwereaddedrecursively. If a subgraphcould



notbeextendedfurtherwestoredthismaximalandconnectedsubgraphasCCS.All its in-
teractionswereremovedfrom thesetof interactionsandtheprocedurestartedoveragain,
until no moreinteractionsremained.

For morethantwo species,thesameprocedurewasappliedbut only interactionspresent
in all specieswereconsidered.

Assessing the Functional Coherence of CCSs To assessthefunctionalconservationof
the detectedCCSswe analyzedthe GO annotationsof the orthologousproteinsin each
CCSusingthe methoddescribedin [Lin98], calculatinga separatescorefor eachof the
threeGOontologies(processes,functionandlocalization).Lin’sapproachis basedon the
informationcontent��� of a GOterm � definedas:

��� � � ���������	� �"!$#&%(' � � �!$#&%(' � # �&� � �*) � (1)

wherethe frequency of a term is definedas the numberof times a term or any of its
descendantsoccurs.Thus,lessfrequenttermsandtermswith few occurringdescendants
areconsideredmoreinformative.

Basedonthismeasure,thesemanticsimilarity betweentwo termsis definedastheratioof
theinformationcontentof theirmostinformativecommonancestorandthesumof thein-
formationcontentsof bothterms[Lin98]. Theinformationcontentof themostinformative
commonancestoris givenby:+	,.- #&% �/� � � �&� � � �0�21 -/354 �/� � � �76 �98:�<; � � �(� � � �>= � (2)

where �<; � � � � �?� � is thesetof all commonancestorsbetweenterms � � and �?� . Thesimi-
larity scorebetweentwo termsis thendefinedas:

+A@ 1B� � �(� � � �0�DC�E +(,F- #&% ��� � � �(� � � ��/� � � � ��G �/� � �?� �IH (3)

We wantto applythis ideato scoreCCSbasedon theannotationsof theproteinsin each
orthologousproteingroups.Sinceoftenproteinsareannotatedwith morethanoneterm
the similarity J @ 1B�LK � �M� of a protein

K
to a group

�
of termsis definedas the average

similarity of its termsto their mostsimilar termsin
�

[CSC07] (where � �NK$� meanstheset
of termsannotatedto protein

K
):
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We usethe definition of Coutoet al. [CSC07] to definethe GO similarity betweentwo
proteinsis theaveragesimilarity of theirGO terms[CSC07]:

]^� J @ 1O�NK � � K � ��� J @ 1B�LK �	� � �NK � �_�`G J @ 1O�NK � � � �LK � �>�C (5)



For orthologousprotein groupswith more than two proteinswe consideredall protein
pairingswithin thegroup.We addedall pairwiseproteinsimilaritiesanddividedthesum
by the number

�
of proteincomparisonswithin the group a (

�b�dcAe X c	f � \� and g �h6 a 6 ),
which yieldsanaveragescorefor a :

]^� J @ 1O� a ���
cRi�j k X i�lPk \ ]^� J @ 1O�NK i � K k �� (6)

Finally, we derive a scorefor a CCS,which consistsof multiple orthologousgroups.All
singleproteinscoresof eachgroupareaddedanddividedby thenumber

1
of groupsin

theCCS:

]^� J @ 1O� �m�mJ ��� Rn Upo`orq ]^� J @ 1O� a �1 (7)

Dependingon the similarity of the GO annotationsof the groupsof a CCS, this score
rangesbetween0 and1, whereby1 indicatedfunctionalequalityand0 indicatesmaxi-
mal functionaldistance.CCSslackingproteinannotationsresultin a decreasedsemantic
similarity dueto missingannotations.

Wheneverwewantedto characterizethefunctionof aCCS,weusedahypergeometrictest
to determinestatisticallyoverrepresentedGOterms.

Predicting Protein Functions For functionprediction,we consideredall CCSswith at
leastthreeinteractionsanda similarity scoreexceedinga variablethreshold. For qual-
ifying CCSswe determinedorthologousproteingroupsthat differ significantly in their
singleproteinscoresfrom the averagesimilarity scoreof the CCSusinga standardized
z-score[FPP98].

In particular, we are interestedin thoseproteinswhich causedthe significantdifference
(p-value s 0.01). The reasonsmight be differentor missing/unknown annotations.For
thoseproteins,we predictedthefunctionsannotatedto their orthologouspartnerproteins.
As a baseline,we alsoconsideredtransferringannotationsto orthologswithout filtering
for conservedinteractionsfirst (seeResults).

3 Results

We performedseveralmultiple andpairwisePPInetwork comparisonsamongthespecies
E. coli (EC), H. sapiens, M. musculus (MM), S. cerevisiae (SC) and D. melanogaster
(DM). ThedetectedCCSsdiffer considerablein numberandsize,dependingon thenum-
berof speciesconsidered,their evolutionarydistances,andtheamountof PPIdataavail-
able(seeTables2 and3). Notethatespeciallythemousedatasetis verysmall,compared
to their closestrelative(human): t 3000versust 35000interactions.



3.1 Comparisons of multiple PPI networks

Within five or four specieswe detectedonly a very smallnumberof orthologsandinter-
logs,probablydueto our strict criterion for orthology. Amongfive species72 groupsof
orthologousproteinsbut only oneconserved interactionweredetected.For the different
combinationsof four speciesthenumberof orthologousproteingroupsrangedbetween72
and407andthe numberof conserved interactionsvariedbetween0 and5 (seeTable2).
Also for threespecies,only few conservedinteractionsarefound(seealsoTable2),but the
numberincreasedconsiderablycomparedto thefour-speciescases.Thenumbersfor HS-
MM-DM, HS-MM-SCandHS-DM-SCdiffer clearlyfrom therestof theresults,showing
theonly procaryotein ourdatasethasa largeimpact.

As expected,the outcomesof the differentcomparisonsareroughly in accordancewith
their evolutionaryrelationships(seeFigure1). This meansthat network comparisonsof
closerrelatedspeciesresultedin ahighernumberof orthologousproteingroups(e.g.HH-
MM-DM) thancomparisonsof moredistantspecies(HS-SC-EC).However, the differ-
encesareby no meansproportionalto the true evolutionarydistancedueto the incom-
pletenessof PPIdata.

In thefollowing, we briefly discussresultsfor HS-MM-DM andHS-MM-SCto show the
relationshipbetweenstructuralandfunctionalconservationandto hint on the usefulness
of ourscoringscheme.

Table2: Resultsof multiplenetwork comparisonsbetweenthreeandfour species.

# Orthologs # ConservedPPIs LargestCCS

HS-MM-DM-SC 407 4 2
HS-MM-DM-EC 87 1 1
HS-MM-SC-EC 67 2 1
HS-DM-SC-EC 139 5 1
MM-DM-SC-EC 72 0 0

HS-MM-DM 1209 22 3
HS-MM-SC 476 20 5
HS-MM-EC 95 7 1
HS-DM-SC 1001 40 3
HS-DM-EC 201 9 1
HS-SC-EC 169 10 1
MM-SC-EC 72 2 1
MM-DM-SC 432 4 2
MM-DM-EC 97 0 0
DM-SC-EC 191 10 1

Comparison between HS, SC, and MM Comparingthe PPI datafrom human,yeast,
andmouseresultedin 476orthologousproteinsand20conservedinteractions.Thelargest



subgraphis composedof fiveproteinsandeightconservedinteractions(seeFigure2(a)).
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Figure 2: LargestCCSsamongM. musculus (rectangles),H. sapiens (circles) and S. cerevisiae
(hexagons)and D. melanogaster (rhombus) respectively. (Solid lines representconserved PPIs
within a species.Dottedlinesconnectorthologousproteins.)

By manuallycheckingthe literature,we identifiedtheseproteinsasfour DNA licensing
factorsMCM3, MCM5, MCM7, MCM4/MCM2 anda cell division control proteinCDC
7. DNA licensingfactorsareproteinswhich composeproteincomplexesto regulatethe
DNA replication.Thefactorscontrol thestartof a replicationat theorigin of replication
andensureonly oneDNA replicationper cell cycle. Thus,the CCSrepresentsa highly
conserved protein complex with a clear biological role important for all speciesunder
study. However, the functionalsimilarity scoresof theCCSarenot very high (0.2,0.35,
and0.30for MF, BP, andCC, respectively) dueto missingannotation.3 of 5 proteinsin
mousearenot annotatedat all. Whenneglectingmouseproteins,thefunctionalsimilarity
increaseto 0.59,0.72and0.65for MF, BP, andCC, respectively. This is importantto be
keptin mind whenour resultson cross-validatingfunctionpredictionarepresented.

Comparison between HS, DM, and MM The comparisonof human,mouseandfly
yieldedthelargestnumberof orthologousproteingroupsamongthecomparisonsof three
species.Approximatelyonethird (1209)of theconsideredmouseproteinshadorthologous
proteinsin humanandfly accordingto our criterion. 22 conserved interactionsandone
CCSwith therequiredminimumsizeweredetected(seeFigure2(b)).

Again,all proteinsof this CCSareDNA licensingfactors(MCM2, MCM4, MCM6). The
functionalcoherencescoresarehigherthanin thepreviouscase,but still donotadequately
representto obviousstrongfunctionalconservation. Again, this effect wascreatedfrom
missingannotations.

Other comparisons Surprisingly, therewereno CCSsdetectedamonghuman,mouse,
fly andyeastcomprisingthosejust describedDNA licensingfactors. The PPI datasets
of humanandmousecontainedthe factorsMCM2 - MCM7, but for fly (MCM2, MCM4,



MCM6) andyeast(MCM2, MCM3, MCM5, CDC7, CDC7 related PK) only subsetsover-
lapping in only oneprotein (MCM2) weredetected.We checked if the missingfactors
weremissingin the dataor if they werenot identifiedasorthologsby our method. We
foundthatin fly, ourdatacontainsonly ashortfragmentof MCM3 with 35AA (insteadoft 820AA) andthat thefly MCM5 homologswasnot detectedasortholog. Similarly, the
MCM6 factorin yeastwaspresentin thedatabut wasnotdetectedasortholog.In contrast,
theMCM7 proteinis missingin thePPIdataof fly andyeast.

3.2 Pairwise PPI network comparisons

Table3 shows the resultsof all pairwisecomparisons.Clearly, the numbersof ortholo-
gousproteinsaremuchhigherexceptfor comparisonsinvolving E. coli. Accordingly, the
numberof detectedconservedinteractionsandCCSsincreasedsignificantly. In particular,
thepairsof HS-MM, HS-DM, HS-SC,DM-MM andDM-SCyield many andlargeCCSs.
We discusstwo comparisonsin moredetail.

Pairwise Comparison between HS and SC Thiscomparisonyielded1660orthologous
proteinsand410conservedinteractionsforming129CCSs.21CCSscomprisemorethan
threeinteractions(seeFigure3). Besidesa few linearpathway-likestructuresthemajority
of theCCSsamonghumanandyeastarecomplicatedstructureswith densely-connected
componentshintingon theformationof proteincomplexes.

Table3: Resultsof pairwisecomparisons.Theupper-right trianglegivesthenumberof identified
orthologousprotein,andthelower-left triangleshows thenumberof highly conserved interactions,
thenumberof detectedCCSs,andthesizeof thelargestCCS(in parentheses).

EC MM SC HS DM

EC u 132 437 387 472
MM 11 v 11 (2) u 647 2879 1580
SC 56 v 52 (3) 35 v 26 (5) u 1660 1776
HS 65 v 63 (3) 953 v 239(327) 410 v 129(28) u 3260
DM 45 v 44 (3) 57 v 48 (5) 103 v 87(4) 269 v 210(6) u

# proteins
in dataset 2235 3247 5864 9695 10232

Two examples,chosenby their high functionalsimilarity (scoresbetween0.45and0.74
for MF andBP), arediscussedin moredetail. Thefirst one,shown in Figure4, consists
of theU6 snRNA-associatedSm-like proteinsLSm1,LSm2,LSm3,LSm5/LSm8,LSm7
and a small nuclearribonucleoproteinSm D2 binding and stabilizing the spliceosomal
U6 snRNA to facilitatesthesplicingprocess.Again, theCCShasa clearandconserved
function in the cellular machinery. The secondone is the largestCCSbetweenhuman
andyeastandinvolves28 proteinsand51 conservedinteractions.It representsa complex
of interactingproteinswhosemembersareDNA-directedRNA polymerasesI, II andIII,



Figure3: DetectedconservedsubgraphsbetweenH. sapiens andS. cerevisiae.

TATA-box-bindingproteinsandassociatedfactors,andtranscriptioninitiation/elongation
factorsor subunitsof those.Thus,thebiologicalrelevanceof theCCSis closelyconnected
with theinitiation of thetranscription.
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Figure4: CCSbetweenH. sapiens and S. cerevisiae representinga proteincomplex involved in
mRNA splicing.

Comparison between HS and MM AmongH. sapiens andM. musculus, 2879ortholo-
gousproteinsand953conservedinteractionsweredetectedforming 239non-overlapping
CCSs(seeFigure5). Besidemany smallandmedium-sizedCCSswe detectedoneaston-
ishinglargesubgraphcomposedof 327proteinsand413perfectlyconservedinteractions.
This subgraphconsistsof several linearandcomplex substructureswhich may represent
independentbiological processes.Clearly, suchlargeCCSsarenot reasonablyanalyzed
using our methodbecausethey certainly perform more than one function. It hasbeen
shown thatmostbiologicalprocessesinvolveonly between5 and25 proteins[SM03].

However, therearealsoseveralsmallerCCSsconsistingof 3 to 4 proteinswith high func-
tional similarity scores.Thebiologicalprocessesof theseCCSsarefundamentalcellular
processessuchasco-repressionof transcription,regulationof signallingpathways,and
regulationmechanismsof translationandtranscription.Four examplesareshown in Fig-
ure6 andtheir semanticsimilaritiesarespecifiedin Table4.



Figure5: DetectedCCSsamonghumanandmouse.

Table4: Similarity scoresof selectedCCSs(Fig. 6) betweenhumanandmouse.

MF BP CC

HS-MM 1 0.63 0.52 0.42
HS-MM 2 0.92 0.47 0.75
HS-MM 3 0.94 0.82 0.71
HS-MM 4 0.90 0.46 0.73

3.3 Evaluation of Function Prediction

Becauseof the few conserved interactionsfor morethantwo species,our methodcould
only betestedsystematicallyfor pairsof species.Comparingthreenetworksresultsin the
predictionof 3 termsin HS-MM-DM and4 termsin HS-MM-SC,with anestimatedpre-
cisionof 100%for humanandmousein bothcasesbut lessfor yeastandfly, respectively.
Theresultsaresomewhatpromising,but shouldbe treatedwith greatcaresincethey are
basedon onesubgraphonly. We arecurrentlycollectingmorePPI datasetsto evaluate
our ideason morethantwo species.

Baseline Wedefinedabaselinefor theprecisionof functionpredictionby usingonly or-
thologyrelationships,ignoringstructuralconservation. Therefore,we randomlyselected
500 orthologousproteinpairs, removed annotationsfrom oneprotein,andpredictedits
function usingonly its ortholog. Table5 shows the resultsaveragedover 100 runs. For
human-yeastwe obtaineda precisionof 19%for humanand22%for yeast.For human-
mouse,this methodyieldeda precisionof 32% for mouseand35% for human. Since
thesenumbersareconsiderablelower thanthosefor predictingfunctionusingalsostruc-
tural conservation,we concludethatconsideringPPIdatamayconsiderableenhancethe
performanceof functionprediction.
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Figure6: FourconservedsubgraphsbetweenH. sapiens andM. musculus.

Table5: Baselinefor functionpredictionusingonly orthology.

Precision Recall

HS-SC 0.21 0.3
HS 0.19 0.33
SC 0.22 0.28

HS-MM 0.33 0.47
HS 0.35 0.49
MM 0.32 0.46

Cross-Validation We evaluatedthe expectedprecisionandrecall of our methodusing
cross-validation.Therefore,we first removedknown annotationsfrom randomlyselected
proteinsandthenappliedourmethod.WeselectedCCSbasedontheir(now probablyarti-
ficially low) score,usingthreedifferentthresholds.WepredictedGOtermsin theselected
clustersfor outliersasdescribedin Methods. The predictedtermswerecomparedwith
the original annotationsto determinethe amountof correctlypredictedannotations.We
countedanoriginal termascorrectlypredictedif theproposedtermwasa directancestor
or descendantof theoriginal termor thetermitself.

In Table 6, the numberof predictedtermsand their estimatedprecisionandrecall for



the pairsHS-SCandHS-MM aregiven, usingsimilarity thresholdsof 0.3, 0.5 and0.7,
respectively. In general,thehighertheconservationthreshold,thehigheris theprecision
of the prediction. The precisionfor predictedhumantermsbasedon mouseincreased
from 61%for 0.3to 70%for 0.5to 100%for 0.7– at theexpectedcostof fewerandfewer
predictions.As expected,predictionsaremoreprecisefor closerrelatedspecies,suchas
humanandmouse,thanfor humanandyeast.

Table6: Resultsof thecross-validationbetweenhuman,mouseandyeast.Thetableshows thetotal
numberof predictedtermsandprecisionandrecallof thepredictionsfor threedifferentthresholds.

0.3 0.5 0.7
# terms P R # terms P R # terms P R

total 405 0.36 0.41 200 0.37 0.44 14 0.83 0.71
HS 192 0.34 0.5 90 0.38 0.58 7 0.83 0.71
SC 213 0.37 0.33 110 0.37 0.31 7 0.83 0.71

total 198 0.62 0.67 119 0.77 0.78 6 1 1
HS 95 0.61 0.68 55 0.70 0.8 3 1 1
MM 103 0.64 0.66 64 0.87 0.76 3 1 1
total 10 0.27 0.6
HS 4 0.15 0.75
DM 6 0.6 0.5

3.4 Prediction Results

All together, our methodpredicts319new annotationsfor 149differentproteinsfrom all
speciesbut E. coli. Comparisonsincludingtheprocaryoteresultedin subgraphswith less
thanthreeinteractionsandthusdo not provide thepossibilityfor functionprediction.We
thereforepredictedGOtermsseparatelyfor eachGO-ontologyusingasimilarity threshold
of 0.5to ensurehighprecision.Thecomparisonsof HS-SC(14CCSs),HS-MM (9 CCSs)
andHS-DM (3 CCSs)contributedto a differentamountto thepredictionof novel terms.
The numberof suggestedGO annotationsand the numberof proteinsreceiving novel
annotationsareshown in Table7, andsomeconcreteexamplesareshown in Table8. The
completelist of predictionsis availablein thesupplementaryTable9.

4 Discussion

We developeda methodfor predictingproteinfunctionbasedon structuralandfunctional
conservation.Our approachproceedsin severalphases.First,putativeorthologsareiden-
tified usingsequencesimilarity, EC classification,andInterProdomains.Next, conserved
andconnectedsubgraphsaredetectedacrossmultiplespecies.After filtering for functional



Table7: Numberof newly derivedtermsandthenumberof proteinsthatareannotated.

# Terms # Proteins

HS 184 80
MM 24 12
SC 110 52
DM 11 5

Table8: Examplesfor suggestedGOterms.

UniProtID Species Ontology Terms

P55010 HS MF GO:0005096
P55010 HS CC GO:0005843,GO:0043614
Q13526 HS MF GO:0003711,GO:0003755,GO:0042802
O76097 HS BP GO:0006888,GO:0006901
P33307 SC CC GO:0005634,GO:0005737
Q12149 SC MF GO:0004674,GO:0042802
P29469 SC BP GO:0006260,GO:0007049
P97311 MM BP GO:0006260,GO:0007307,GO:0009993

Q9WU42 MM MF GO:0003714,GO:0005112
P06876 MM CC GO:0016363

Q9VRT7 DM BP GO:0000398,GO:0006364,GO:0006402
Q9VLV5 DM CC GO:0005682,GO:0005685,GO:0046540
Q02748 DM MF GO:0005515

coherence,we cantransferannotationsbetweenproteinsin thesameCCSacrossspecies
boundaries.Dependingon thethresholdfor coherence,this methodreachesanestimated
precisionbetween60%and100%betweenhumanandmouse,which is two to threetimes
betterthanusingonly sequenceconservation.Our resultsareconsistentwith ourexpecta-
tionsin severalpoints,suchasbetterandmorepredictionsfor evolutionarycloserspecies
andbetterresultsfor higherdemandson functionalcoherenceof subgraphs.

We alsoapplieda text mining methodto useinformationaboutproteinfunctionasmen-
tionedin theliteratureasanotherwayof confirmingourpredictions(datanotshown here).
Theresultsarepromising,andasubsetof theso-predictedproteinfunctionsarenow under
revisionof theGO team.

Therearealsoshortcomingsconcerningthe dataandthe methods.In the following, we
discusstheseshortcomingsandsuggestpossibleimprovements.

In general,thenumbersof orthologsandconservedinteractionswerelowerthanexpected,
especiallywhenmorethan2 specieswereinvolved. Theselow numbersprobablyhave
severalreasons:w Weusedaverystrictcriteriafor decidingorthology. Ourthresholdof 40%sequence



identity that two proteinsmusthave to beat leastconsideredaspotentialorthologs
is very conservative. The reasonfor this strictnessis our goal to reachhigh preci-
sionin predictionsratherthanhigh recall. For testpurpose,we performedmultiple
comparisonswith a lowerthresholdof 20%,whichyieldedamuchlargernumberof
orthologousproteingroups(resultsnot shown).w Also, our demandon CCSsto be perfectlyconserved is very strict. This is a crit-
ical point, especiallywhenmorethantwo speciesarecomparedandwhenthought
togetherwith thecurrentincompletenessof PPIdatasets(seenext point). A single
missinginterlogsmightdestroy networksthatin realityareperfectlyconserved.On
theotherhand,demandingperfectconservationmight betoo strict in itself from an
evolutionarypointof view. However, wehavenot yetperformeda systematicstudy
which would proof our assumptionthatmorestrictness(in termsof structuraland
sequenceconservation)leadsto higherprecision.w The incompletenessandthesheerdifferencein sizesof thePPIdatasetsfrom dif-
ferentspeciesnaturallyhindersthedetectionof moreandlargerCCSs.This influ-
enceis especiallyobviousfor all comparisonswith mouse,for which we only usedt 3200proteinsand t 3100interactions.This tenfold differencecomparedto the
humandataset (in termsof interactions)clearly limits our results. It is the more
surprisingthat we detecteda giganticandperfectly conserved subgraphof t 320
proteinsand t 400 interlogs,which containsmore than10% of the entiremouse
interactionset.

We arecurrentlyworking on solutionsto theseshortcoming.First, we areinvestigating
severalspecialorthologydatabases,suchasInparanoid[ORS05] or COG[Te03], asa po-
tentialsourcefor orthologs,ratherthancomputingtheseourself.Usinga specialdatabase
could also remove the problemof paralogs,which we essentiallyignored. Second,we
are scanningadditionaldatasources,especiallyspecies-specificdatabasessuchas Fly-
Base[Con97] andMGD [Be99], to increaseourdatabasis.Wealsostrive to includemore
speciesinto ourstudiesto beableto quantifytherelationshipbetweenstructuralconserva-
tion andevolutionarydistancemoreprecisely. Third, we arecurrentlyinvestigatingother
algorithmsfor theMultiple AssignmentProblemthatwould improve on our very simple
heuristic.

Apart from still beingincomplete,PPIdatasetsarealsosomewhatfamousfor containing
many falsepositivesbecauseinteractionsareoftenderivedunderveryspecificconditions.
For example,of t 80000interactionscurrentlyknown for yeastthat weredetectedwith
high-throughputmethodsonly 2400aresupportedby morethanonemethod[Me02]. It
wouldbeworthwhileto includemeasuresfor thereliability of interactions(andthusinter-
logs)into thescoringscheme.For instance,onecoulddemandthata CCSfor two species
mustcompletelycontainall interactionsin any of thetwo specieswith a reliability above
a given threshold,andbe lessstrict concerninginteractionswith lower thresholds.This
wouldbeanaturalwayof introducingmoreflexibility in thedefinitionof CCS.

Finally, ourmethodcurrentlyfavorsgroupsof proteinsthatarehomogeneouslyannotated.
Therefore,largersubgraphscomprisingmorethanonebiological functionreceive anun-



favorablescore. For those,functionally conservedsub-subgraphswithin the structurally
conservedsubgraphsshouldbestudiedinsteadof theentiresubgraph.
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