High-Precision Function Prediction using Conserved
I nteractions

S.Jager, U. Leset

KnowledgeManagemenin Bioinformatics,Humboldt-UniversityBerlin, UnterdenLin-
den6, 10099Berlin, Germary.

Abstract: The recentavailability of large datasetsof protein- protein-interactions
(PPIs)from variousspecieoffersnew opportunitiesor functionalgenomicsandpro-
teomics. We describea methodfor exploiting consered and connectedsubgraphs
(CCSs)in the PPInetworks of multiple speciedor the predictionof proteinfunction.
Structurakconserationis combinedwith functionalconserationusingaGeneOntology-
basedscoringschemeWe appliedour methodto the PPInetworksof five speciesi.e.,
E. coli, D. melanogasteM. musculusH. sapiensaandS. cerevisiae. We detectedsur
prisingly large CCSsfor groupsof threespeciesbut not beyond. A manualanalysis
of thebiologicalcoherencef exemplarysubgraphstronglysupportsa closerelation-
ship betweenstructuralandfunctional conseration. Basedon this obsenration, we
devised an algorithmfor function predictionbasedon CCS. Using our method,for
instancewe predictnew functionalannotationgor humanbasedon mouseproteins
with a precisionof 70%.

1 Introduction

Protein-proteirinteractiong PPIs)arefundamentafor all biological processesThey are
crucial to cellular function especiallyin signal transductionmetabolismand assembly
of functional protein complexes. The developmentof high-throughputechnologiedor

detectingPPI, suchasmassspectrometr)fAM03], co-immunoprecipitatiofPF94, and
yeasttwo-hybrid [WV01], led to anenormousncreaseof datain this area,which offers

new opportunitiesand new challengedor understandingellular functions,evolutionary
changesanddiseasesFor instance network comparisonselp to identify commonmo-

tivesof cellularinteractionsandmay yield informationaboutthe presenceand organiza-
tion of functionalmoduleSMO03].

Especiallytheanalysisof conseredinteractiondn the networksof differentspeciegalso
calledinterlogs) hasrecentlyreceived considerableattention[SI06]. Thesestudiesare
basedon the hypothesighat structuralconseration correlateswith functionalconsenra-
tion. Thus,if two orthologousproteinshave interactionswith the samesetof otheror-
thologousproteins,it may be speculatedhatthesetwo proteinsalsohave the samefunc-
tion. Thisideawas,for instanceusedby Sharanet al. who comparedhe networks of
worm, yeast,andfly andderived new annotationswith an estimatedprecisionof around
60%[Se0].



In this paper we reporton initial resultson increasingthe precisionof function predic-
tion basedon structuralconserationthat would alsobe applicableto humangenes.We
presenta stratayy for exploiting the existenceof highly consered subgraphsithin the
PPI networks of multiple species. Our approachfirst identifies groupsof orthologous
proteinsin multiple speciesisingsequencsimilarity. Next, clustersof topologicallycon-
sened and connectedsubgraphgCCSs)are detectedusinga fastalgorithmfor network
comparisons.We manuallyanalyzedsomeof thesesubgraphswhich includesa giant
componenbf 327 proteinsand413interactionsperfectlyconseredbetweerhumanand
mice, for their biological coherenceWe could sustainthe hypothesighat structuralcon-
senation of interactionsstrongly correlateswith functionalsimilarity. Basedon this ob-
senation,we devisedanalgorithmwhich predicts,for proteinswith missingannotations,
GO-terms[Ae00] basedon the annotationof other proteinsin the sameCCS. We eval-
uatedour approachusing perturbationanalysisand cross-alidationfor all CCSswhich
have a certainlevel of functionalcoherenceof their annotations.Using our method,we
canpredict,for instance b5 new annotationgor humanproteinsbasedon mousewith an
estimatecprecisionof 70%.

Our methodis different from previous approachego function prediction using struc-
tural conseration of networksin a numberof points. The publicly availabletool Path-
BLAST [Ke04 searchefor high-scoringpathway alignmentsetweerpairsof interaction
paths,whereproteinsof onepatharepairedwith putative orthologousproteinsoccurring
in the sameorderin a secondpath. Evolutionary variations,missingdata, and experi-
mentalerrorsaretaken into accountby allowing gapsand mismatchesn the alignment.
This methodis differentto our approachin threeaspectsfirst, PathBlastconsidersonly
linear pathways, while we also find complex subgraphs. Second,PathBlastis able to
detectapproximatelyconsered paths,while we only strive for perfectly consered sub-
graphs Finally, PathBlastcanonly analyzepairsof networks,while wework onupto five
speciesWe stronglybelieve thatour approachs moresuitableto guarantedigh precision
for functionprediction— at the costof lower recall.

Shararet. al proposedanalgorithmfor thedetectionof conseredstructuresamongthree
speciesvhich they alsousedfor function prediction[Se05. They build a graphof nodes
representinggroupsof sequence-similaproteinsand edgesrepresentingconsered in-

teractionsbetweenthoseprotein groups. A searchover the alignmentgraphresultsin

linear pathsof interactingproteinsand denseclusterof interactions,modeling protein
complees.Thesearchalgorithmexhaustvely detectshigh-scoringsubnetvork seedsand
expandsthemin a greedyfashion. The predictionof proteinfunctionis basedon the as-
sumptionthat a consered subnetvark in which mary proteinsare of the samefunction
suggestshatthe remainingproteinsin the subnetvork will alsohave this function. They

identifieda high numberof approximatelyconsered subgraphsesultingin functionpre-
dictionswith precisionsbetween33% and 63% dependingon speciesand ontology In

contrastto Sharanet al., our predictionis basedon annotationof orthologousproteins
andthustransfersannotationacrossspecies.Also, GO termsaretransferredspecifically
betweerorthologougroteinpairs,notin betweerentireCCSs.Again, our methodresults
in alower numberof predictionsbut in a higherprecision.



2 Methods

Data We usedthe PPI networks of Escherichia coli, Homo sapiens, Mus musculus,
Saccharomyces cerevisiae and Drosophila melanogaster. Protein-proteirinteractiondata
were obtainedfrom the Databasef InteractingProteins[Se04, BIND [BBH03], Mam-
malian MIPS [Pe03, IntAct [He04 (all April '06) and the Human Protein Reference
DatabasdPe03 (August’06). The datasetswere mergedbasedon UniProt-IDs. In-
formation aboutthe experimentalevidenceunderlying an interactionwas ignored (see
Discussion). The total numbersof proteinsandinteractionsof the differentspeciesare
shavn in Tablel aswell asthe mediannumberof GO termsper protein. The evolution-
ary relationshipsbetweenthesespecieswhich shouldhave an impacton the degreeof
consenationbetweerinteractionsareshavn in Figurel.

Table1: Total numberof proteinsandinteractionsandthe mediannumberof GO termsper protein
for five species.

Species #Proteins #PPls GOterms/
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 alsousedproteinsequenceandproteindomaininformation (for determininggroups
of orthologougproteinsandfunctionalannotationgfor measuringunctionalconseration
andcoherence)We obtained31273proteinsequence®760InterProdomainsand6370
GeneOntologyannotationgrom the UniProtKnowledgeBase[Be03.

Detection of Orthologous Protein Groups We useda rathersimpletwo-stepmethod
for detectingputative orthologybetweertwo or moreproteing(seeDiscussion)In thefirst
step,we considemproteinsenzymeclassesinterProdomains andsequencalignmentso
detectpotentialorthologyrelationshipsIn a secondstep,we apply a global optimization
algorithmfor determiningthe optimal assignmenof proteinsto orthologgroups.

We first partitionedproteinsinto groupsof potential orthologsusing EC numbersand
InterProdomains. EC numbersform a numericalclassificationsystemdivided into six
classeghat characterizeenzymesbasedon the chemicalreactionsthey catalyze. Thus,
proteinsof differentEC classesannotsharethe samefunction andwe consideredhem
asnon-orthologous Furthermorewe assumedhat orthologsmustshareat leastone In-
terProdomain. The sequencesf all proteinswithin onepartitionwerecomparedo each
otherusingglobalsequencalignment{NW70]. If the sequencédentity wasabove 40%,
we saved this valueand considereahe pair of proteinsaspotentially ortholog. We also
performedthe sameprocedurefor all pairs of proteinswith missing EC classesand/or
InterProinformation.



In the secondstep,we formeda graphfrom the proteinsandtheir potentialrelationships.
Edgesarelabeledwith the percentagef sequencéentify betweerthe proteinsthey con-
nect. This graphis bipartiteif only two speciesare considerecand multipartiteif three
or morespeciesare consideredbecausehe proteinsof one speciesare never connected
by edges. Thus, finding an assignmenbf nodesto ortholog groupswhich maximizes
the overall sequencédentity is aninstanceof the linear or multidimensionakssignment
problem(LAPs/MAPSs),respectiely.

For two speciesthe LAP (also known as bipartite matching)can be solved optimally
in O(n®) usingthe Hungarianalgorithm [Kuh55 (wheren is the numberof nodesof
the larger partition). For more thantwo species he problemis NP-completeand can
only be solved approximatelyfor non-trivial instance§BCS94 BS91]. In thosecases,
we usedaniterative greedyheuristicto assignproteinsinto orthologousgroups. We first
orderthe speciesaccordingto their phylogenetiaelationship(seeFig. 1). We randomly
choseaprotein X; from thefirst speciesandfind the protein X, with maximumsequence
similarity to X; in thesecondspeciesandsoonuntil X5. Oncesuchacompletegroupof
proteinswasidentified,all involved proteinswereremovedfrom the graphandthe group
wasstoredasorthologouslf thesearchdid notfind anorthologin oneof thestepgbecause
in the next specieso proteinwith sufficient similar sequencexisted),we alsoremoved
the proteinsbut formedno orthologousgroup. This wasrepeatedintil all proteinsof ary
of thespeciesnvolvedhadbeenremoved.

E. coli
H. sapiens

M. musculus
D. melanogaster

S. cerevisiae

Figurel: Phylogenetidreeof the consideredpecies.

Detection of CCS Basedon the computedgroupsof orthologousproteins,we useda
modificationof thealgorithmfor frequentsubgraptdiscovery describedn [KA GS04 for
detectingCCSs.Our procedureconsistsof two steps:

1. Identificationof conseredinteractions.

2. Assemblyof conseredinteractiongo maximally connectedubgraphs.

For two speciesyve first identifiedall pairsof interactiondbetweerproteinsXy, Y; in the
first speciesand X, Y, in the secondspeciesvere X; and X, andY; andY; werepre-
viously identifiedasorthologs.Thus,only interactionscontainedn both PPIgraphswere
consideredurther. Out of this set,oneinteractionwaschoserasseededgeof a subgraph
andall interactionsadjacento this subgraphwereaddedrecursvely. If a subgraplicould



notbeextendedurtherwe storedthis maximalandconnectedubgraprasCCS.All itsin-
teractionsvereremovedfrom the setof interactionsandthe procedurestartedover again,
until no moreinteractiongemained.

For morethantwo speciesthe sameprocedurevasappliedbut only interactiongpresent
in all speciesvereconsidered.

Assessing the Functional Coherenceof CCSs To assesshefunctionalconserationof
the detectedCCSswe analyzedthe GO annotationof the orthologousproteinsin each
CCSusingthe methoddescribedn [Lin98], calculatinga separatescorefor eachof the
threeGO ontologiegprocessedunctionandlocalization).Lin’ s approactis basednthe
informationcontent/C' of a GO termt definedas:

_ freq(t)

wherethe frequeny of a termis definedas the numberof times a term or ary of its
descendantsccurs. Thus,lessfrequenttermsandtermswith few occurringdescendants
areconsiderednoreinformative.

Basedonthis measurethe semanticsimilarity betweertwo termsis definedastheratio of
theinformationcontentof their mostinformative commonancestoandthe sumof thein-
formationcontentof bothterms[Lin98]. Theinformationcontentof themostinformative
commonancestois givenby:

sharelC(t1,t2) = maz {IC(¢t)|t € CA(t1,t2)}, (2)

whereC A(t1, t2) is the setof all commonancestorbetweentermst; andt,. The simi-
larity scorebetweertwo termsis thendefinedas:

2 x shareIC(ty,t2)

IC(t) + IC(t2) ~ @)

sim(tl, t2) =

We wantto applythis ideato scoreCCSbasedon the annotation®f the proteinsin each
orthologousproteingroups. Sinceoften proteinsare annotatedvith morethanoneterm
the similarity Sim(p, g) of a proteinp to a group g of termsis definedas the average
similarity of its termsto their mostsimilar termsin g [CSCO07 (wheret(p) meanshe set
of termsannotatedo proteinp):

> maz {sim(t1,t2)|t2 € g}

Sim(p, g) = h1€t(r) el 4)

We usethe definition of Coutoet al. [CSCO07]to definethe GO similarity betweentwo
proteinsis the averagesimilarity of their GO terms[CSCO07]:

Sim(p1, t(p2)) + Sim(pz, t(p1))
2

GOSim(p1,p2) = (5)



For orthologousprotein groupswith more thantwo proteinswe consideredall protein
pairingswithin the group. We addedall pairwiseproteinsimilaritiesanddividedthe sum
by the numbern of proteincomparisonsvithin the groupc (n = W andk = |c|),
whichyieldsanaveragescorefor c:

k
> GOSim(p;,p;)

GOSim(c) = U< - (6)

Finally, we derive a scorefor a CCS,which consistsof multiple orthologousgroups. All
singleproteinscoresof eachgroupareaddedanddivided by the numberm of groupsin
the CCS:

3> GOSim(c)
GOSim(CCS) = €5 (7)

m

Dependingon the similarity of the GO annotationsof the groupsof a CCS, this score
rangesbetween0 and 1, whereby1 indicatedfunctional equality and O indicatesmaxi-

mal functionaldistance.CCSslacking proteinannotationgesultin a decreasedemantic
similarity dueto missingannotations.

Wheneverwe wantedto characterizéhefunctionof aCCS,we usedahypeigeometridest
to determinestatisticallyoverrepresente@O terms.

Predicting Protein Functions For function prediction,we consideredall CCSswith at
leastthreeinteractionsand a similarity scoreexceedinga variablethreshold. For qual-
ifying CCSswe determinedorthologousprotein groupsthat differ significantlyin their
single protein scoresfrom the averagesimilarity scoreof the CCSusinga standardized
z-scorglFPP98].

In particular we areinterestedn thoseproteinswhich causedhe significantdifference
(p-value < 0.01). The reasonsamight be differentor missing/unkna/n annotations.For

thoseproteins we predictedthe functionsannotatedo their orthologougpartnerproteins.
As a baseline we alsoconsideredransferringannotationgo orthologswithout filtering

for conseredinteractiondirst (seeResults).

3 Reaults

We performedseveralmultiple andpairwisePPInetwork comparisongmongthe species
E. coli (EC), H. sapiens, M. musculus (MM), S. cerevisiae (SC) and D. melanogaster
(DM). The detectedCCSsdiffer considerablén numberandsize,dependingn the num-
ber of speciexonsideredtheir evolutionarydistancesandthe amountof PPl dataavail-
able(seeTables2 and3). Notethatespeciallythe mousedatasetis very small,compared
to their closestrelative (human):~3000versus~35000interactions.



3.1 Comparisonsof multiple PPl networks

Within five or four specieswve detectecbnly a very smallnumberof orthologsandinter-
logs, probablydueto our strict criterion for orthology Amongfive speciesr2 groupsof
orthologousproteinsbut only one consered interactionwere detected.For the different
combinationof four speciegthenumberof orthologougroteingroupsrangedetweerv2
and407 andthe numberof consered interactionsvariedbetween0 and5 (seeTable 2).
Also for threespeciesonly few conseredinteractionsarefound(seealsoTable2), but the
numberincreasedonsiderablycomparedo the four-speciecasesThenumberdor HS-
MM-DM, HS-MM-SCandHS-DM-SCdiffer clearlyfrom therestof theresults shoving
theonly procaryoten our datasethasalargeimpact.

As expected,the outcomesof the differentcomparisonsareroughly in accordancevith
their evolutionaryrelationshipqseeFigure 1). This meansthat network comparisonof
closerrelatedspeciesesultedn a highernumberof orthologougproteingroups(e.g. HH-
MM-DM) thancomparisonof more distantspecies(HS-SC-EC).However, the differ-
encesare by no meansproportionalto the true evolutionary distancedueto the incom-
pletenessf PPldata.

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

Table2: Resultsof multiple network comparisondetweerthreeandfour species.
# Orthologs # ConseredPPIs 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,
andmouseresultedn 476orthologougproteinsand20 conseredinteractions.Thelargest



subgraphs composedf five proteinsandeightconseredinteractiongseeFigure2(a)).

(a) CCSHS-MM-SC (b) CCSHS-MM-DM

Figure 2: LargestCCSsamongM. musculus (rectangles)H. sapiens (circles) and S. cerevisiae
(hexagons)and D. melanogaster (rhomhus) respectiely. (Solid lines representtonsered PPls
within a speciesDottedlinesconnectrthologousproteins.)

By manuallycheckingthe literature,we identified theseproteinsasfour DNA licensing
factorsMCM3, MCM5, MCM7, MCM4/MCM2 anda cell division control protein CDC
7. DNA licensingfactorsare proteinswhich composeproteincomplexesto regulatethe
DNA replication. Thefactorscontrol the startof a replicationat the origin of replication
andensureonly one DNA replicationper cell cycle. Thus,the CCSrepresents highly
consenred protein complex with a clear biological role importantfor all speciesunder
study However, the functionalsimilarity scoresof the CCSarenot very high (0.2,0.35,
and0.30for MF, BP, andCC, respectiely) dueto missingannotation.3 of 5 proteinsin
mousearenotannotatedhtall. Whenneglectingmouseproteins the functionalsimilarity
increaseo 0.59,0.72and0.65for MF, BP, andCC, respectiely. Thisis importantto be
keptin mind whenour resultson cross-alidatingfunctionpredictionarepresented.

Comparison between HS, DM, and MM  The comparisonof human,mouseand fly
yieldedthelargestnumberof orthologousproteingroupsamongthe comparisonsf three
speciesApproximatelyonethird (1209)of theconsidereanouseproteinshadorthologous
proteinsin humanandfly accordingto our criterion. 22 consered interactionsandone
CCSwith therequiredminimumsizeweredetectedseeFigure2(b)).

Again, all proteinsof this CCSareDNA licensingfactors(MCM2, MCM4, MCM®6). The
functionalcoherencacoresarehigherthanin the previouscaseput still donotadequately
represento obvious strongfunctionalconseration. Again, this effect was createdfrom
missingannotations.

Other comparisons Surprisingly therewereno CCSsdetectecamonghuman,mouse,
fly andyeastcomprisingthosejust describedDNA licensingfactors. The PPl datasets
of humanandmousecontainedhe factorsMCM2 - MCM7, but for fly (MCM2, MCM4,



MCM®6) andyeast(MCM2, MCM3, MCM5, CDC7, CDCY related PK) only subsetover

lappingin only one protein (MCM2) were detected.We checled if the missingfactors
weremissingin the dataor if they were not identified asorthologsby our method. We

foundthatin fly, our datacontainsonly a shortfragmentof MCM3 with 35AA (insteadof

~820AA) andthatthe fly MCM5 homologswasnot detectecasortholog. Similarly, the
MCMS6 factorin yeastwaspresentn thedatabut wasnotdetectedsortholog.In contrast,
the MCM?7 proteinis missingin the PPIdataof fly andyeast.

3.2 Pairwise PPl network comparisons

Table 3 shaws the resultsof all pairwisecomparisons.Clearly, the numbersof ortholo-
gousproteinsaremuchhigherexceptfor comparisonsnvolving E. coli. Accordingly, the
numberof detectedconseredinteractionsandCCSsincreasedignificantly In particular
thepairsof HS-MM, HS-DM, HS-SC,DM-MM andDM-SCyield mary andlarge CCSs.
We discusgwo comparisonsn moredetail.

Pairwise Comparison between HSand SC  This comparisoryielded1660orthologous
proteinsand410conseredinteractiongorming 129 CCSs.21 CCSscomprisemorethan
threeinteractiongseeFigure3). Besides few linearpathway-like structureghe majority
of the CCSsamonghumanandyeastare complicatedstructureswith densely-connected
componentdinting on the formationof proteincompleces.

Table 3: Resultsof pairwisecomparisons.The upperright triangle givesthe numberof identified
orthologousprotein,andthe lower-left triangleshavs the numberof highly consered interactions,
thenumberof detectedCCSs,andthesizeof thelargestCCS(in parentheses).

EC MM SC HS DM

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

# proteins

in dataset 2235 3247 5864 9695 10232

Two examples,chosenby their high functionalsimilarity (scoresbetween0.45and0.74
for MF andBP), arediscussedn moredetail. Thefirst one,shovn in Figure 4, consists
of the U6 snRMNA-associatedEm-like proteinsLSm1,LSm2,LSm3,LSm5/LSm8,LSm7
and a small nuclearribonucleoproteinrSm D2 binding and stabilizing the spliceosomal
U6 snRMA to facilitatesthe splicing process.Again, the CCShasa clearandconsered
functionin the cellular machinery The secondoneis the largestCCS betweenhuman
andyeastandinvolves28 proteinsand51 conseredinteractions It representa complex
of interactingproteinswhosemembersare DNA-directedRNA polymerases, Il andlll,
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Figure3: Detectectonsered subgraphdetweerH. sapiens andS. cerevisiae.

TATA-box-bindingproteinsandassociatediactors,andtranscriptioninitiation/elongation
factorsor sutunitsof those. Thus,thebiologicalrelevanceof the CCSis closelyconnected
with theinitiation of the transcription.

Figure4: CCSbetweenH. sapiens and S cerevisiae representinga protein comples involved in
mRNA splicing.

Comparison between HSand MM AmongH. sapiens andM. musculus, 2879ortholo-
gousproteinsand953 conseredinteractionaveredetectedorming 239 non-overlapping
CCSs(seeFigure5). Besidemary smallandmedium-sizedCCSswe detectedneaston-
ishinglarge subgraptcomposedf 327 proteinsand413perfectlyconseredinteractions.
This subgraphconsistsof several linearandcomplex substructuresvhich may represent
independenbiological processesClearly, suchlarge CCSsarenot reasonablyanalyzed
using our methodbecausehey certainly perform more than one function. It hasbeen
shavn thatmostbiological processegvolve only betweerb and25 proteins|SM03].

However, therearealsoseveralsmallerCCSsconsistingof 3 to 4 proteinswith high func-
tional similarity scores.Thebiological processesf theseCCSsarefundamentatellular
processesuchas co-repressiorof transcription,regulation of signalling pathways, and
regulationmechanism®f translationandtranscription.Four examplesareshowvn in Fig-
ure 6 andtheir semanticsimilaritiesarespecifiedn Table4.
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Figure5: DetectedCCSsamonghumanandmouse.

Table4: Similarity scoresof selectedCCSs(Fig. 6) betweerhumanandmouse.
MF BP CC

HS-MM1 0.63 0.52 0.42
HS-MM2 0.92 0.47 0.75
HS-MM3 094 0.82 0.71
HS-MM 4 090 0.46 0.73

3.3 Evaluation of Function Prediction

Becauseof the few consered interactionsfor morethantwo speciespur methodcould
only betestedsystematicallyfor pairsof speciesComparinghreenetworksresultsin the
predictionof 3 termsin HS-MM-DM and4 termsin HS-MM-SC, with anestimatedore-
cisionof 100%for humanandmousein both casedut lessfor yeastandfly, respectiely.
Theresultsaresomeavhat promising,but shouldbe treatedwith greatcaresincethey are
basedon onesubgraphonly. We are currently collectingmore PPl datasetsto evaluate
ourideason morethantwo species.

Baseline We definedabaselindor the precisionof functionpredictionby usingonly or-
thology relationshipsjgnoring structuralconseration. Therefore we randomlyselected
500 orthologousprotein pairs, removed annotationdrom one protein, and predictedits
function usingonly its ortholog. Table5 shaws the resultsaveragedover 100 runs. For
human-yeasive obtaineda precisionof 19% for humanand22%for yeast. For human-
mouse,this methodyielded a precisionof 32% for mouseand 35% for human. Since
thesenumbersare considerabldéower thanthosefor predictingfunctionusingalsostruc-
tural consenration, we concludethat consideringPPl datamay considerableenhancehe
performancef function prediction.



(c) CCSHS-MM 3 (d) CCSHS-MM 4

Figure6: Four consered subgraphdetweerH. sapiens andM. musculus.

Table5: Baselinefor function predictionusingonly 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-alidation. Therefore we first removed known annotationgrom randomlyselected
proteinsandthenappliedour method.We selectedCCShasedn their (now probablyarti-
ficially low) score usingthreedifferentthresholdsWe predictedGO termsin theselected
clustersfor outliersasdescribedn Methods. The predictedtermswere comparedwith
the original annotationgo determinethe amountof correctly predictedannotations.We
countedan original termascorrectlypredictedf the proposedermwasa directancestor
or descendantf the original termor thetermitself.

In Table 6, the numberof predictedtermsand their estimatedprecisionand recall for



the pairsHS-SCandHS-MM are given, using similarity thresholdsof 0.3,0.5and0.7,

respectiely. In generalthe higherthe conserationthresholdthe higheris the precision
of the prediction. The precisionfor predictedhumantermsbasedon mouseincreased
from 61%for 0.3to 70%for 0.5to 100%for 0.7 — atthe expectedcostof fewer andfewer

predictions.As expected predictionsaremore precisefor closerrelatedspeciessuchas

humanandmousethanfor humanandyeast.

Table6: Resultsof thecross-alidationbetweernumanmouseandyeast.Thetableshavs thetotal
numberof predictedtermsandprecisionandrecall of the predictionsfor threedifferentthresholds.
0.3 0.5 0.7
#terms P R #terms P R #terms P R

total 405 036 0.41| 200 0.37 0.44 14 0.83 0.71

HS 192 034 05 90 0.38 0.58 7 0.83 0.71
SC 213 037 0.33| 110 037 031

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 06 05

3.4 Prediction Results

All togetheyour methodpredicts319 new annotationgor 149 differentproteinsfrom all

speciedut E. coli. Comparisonsncludingthe procaryoteresultedin subgraphsvith less
thanthreeinteractionsandthusdo not provide the possibility for function prediction.We
thereforepredictedGO termsseparatelyor eachGO-ontologyusinga similarity threshold
of 0.5to ensurehigh precision.Thecomparisonef HS-SC(14 CCSs)HS-MM (9 CCSs)
andHS-DM (3 CCSs)contritutedto a differentamountto the predictionof novel terms.
The numberof suggestedsO annotationsand the numberof proteinsreceving novel

annotation@reshavn in Table7, andsomeconcreteexamplesareshavn in Table8. The
completdist of predictionss availablein the supplementaryfable9.

4 Discussion

We developeda methodfor predictingproteinfunctionbasecdbn structuralandfunctional
consenation. Our approactproceedsn severalphasesFirst, putative orthologsareiden-
tified usingsequencsimilarity, EC classificationandinterProdomains.Next, consered
andconnectedubgraphsredetectedicrossnultiple speciesAfter filtering for functional



Table7: Numberof newly derivedtermsandthe numberof proteinsthatareannotated.
#Terms # Proteins

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

Table8: Exampledor suggeste@O terms.
UniProtID Species Ontology Terms

P55010 HS MF G0:0005096

P55010 HS CcC G0:0005843(0:0043614

Q13526 HS MF G0:0003711G0:0003755(:0:0042802
076097 HS BP G0:0006888(0:0006901

P33307 SC CcC G0:0005634G0:0005737

Q12149 SC MF G0:0004674G0:0042802

P29469 SC BP G0:0006260(0:0007049

P97311 MM BP G0:0006260G0:0007307(0:0009993
Q9wu42 MM MF G0:0003714G0:0005112

P06876 MM CcC G0:0016363

Q9VRT7 DM BP G0:0000398(G0:0006364G0:0006402
Q9VLV5 DM CC G0:0005682(G0:0005685(:0:0046540
Q02748 DM MF GO0:0005515

coherencewe cantransferannotationdetweenproteinsin the sameCCSacrossspecies
boundariesDependingon the thresholdfor coherencethis methodreachesan estimated
precisionbetweert0%and100%betweerhumanandmousewhichis two to threetimes
betterthanusingonly sequenceonsenration. Our resultsareconsistentvith our expecta-
tionsin severalpoints,suchasbetterandmorepredictionsfor evolutionarycloserspecies
andbetterresultsfor higherdemand®n functionalcoherencef subgraphs.

We alsoapplieda text mining methodto useinformationaboutproteinfunctionasmen-
tionedin theliteratureasanothemay of confirmingour predictiongdatanotshavn here).
Theresultsarepromising,andasubsebf theso-predictegroteinfunctionsarenow under
revision of the GO team.

Thereare alsoshortcominggoncerningthe dataandthe methods.In the following, we
discusgheseshortcominggandsuggespossiblemprovements.

In generalthenumbersf orthologsandconseredinteractionaverelowerthanexpected,
especiallywhenmorethan 2 speciesvereinvolved. Theselow numbersprobablyhave
se/eralreasons:

e Weusedaverystrictcriteriafor decidingorthology Ourthresholdf 40%sequence



identity thattwo proteinsmusthave to be at leastconsideredispotentialorthologs
is very consenative. The reasonfor this strictnesds our goalto reachhigh preci-
sionin predictionsratherthanhigh recall. For testpurposewe performedmultiple
comparisonsvith alowerthresholdof 20%,whichyieldeda muchlargernumberof
orthologougproteingroups(resultsnot shown).

¢ Also, our demandon CCSsto be perfectly conseredis very strict. This is a crit-

ical point, especiallywhenmorethantwo speciesarecomparecandwhenthought
togethemwith the currentincompletenesef PPl datasets(seenext point). A single
missinginterlogsmight destry networksthatin reality areperfectlyconsered. On
theotherhand,demandingperfectconserationmightbetoo strictin itself from an
evolutionarypoint of view. However, we have notyet performeda systematicstudy
which would proof our assumptiorthat more strictnesgin termsof structuraland
seqguenceonsenration)leadsto higherprecision.

¢ Theincompletenesandthe sheerdifferencein sizesof the PP|datasetsfrom dif-
ferentspeciematurallyhindersthe detectionof moreandlarger CCSs. This influ-
enceis especiallyobviousfor all comparisonsvith mouse for whichwe only used
~3200proteinsand ~3100interactions. This tenfold differencecomparedo the
humandataset(in termsof interactions)clearly limits our results. It is the more
surprisingthat we detecteda gigantic and perfectly consered subgraphof ~320
proteinsand ~400 interlogs, which containsmore than 10% of the entire mouse
interactionset.

We are currentlyworking on solutionsto theseshortcoming.First, we areinvestigating
severalspecialorthologydatabasesuchasinparanoidORS09 or COG[Te03, asapo-
tentialsourcefor orthologs ratherthancomputingtheseourself.Usinga specialdatabase
could also remove the problemof paralogswhich we essentiallyignored. Second,we
are scanningadditionaldatasources especiallyspecies-specifidatabasesuchas Fly-
Base[Con97 andMGD [Be99, to increaseur databasis.We alsostrive to includemore
speciesnto our studiesto beableto quantifytherelationshipbetweerstructurakconsera-
tion andevolutionarydistancemoreprecisely Third, we arecurrentlyinvestigatingother
algorithmsfor the Multiple AssignmentProblemthatwould improve on our very simple
heuristic.

Apart from still beingincomplete PPl datasetsarealsosomeavhatfamousfor containing
mary falsepositivesbecausénteractionsareoftenderivedundervery specificconditions.
For example,of ~80000interactionscurrentlyknown for yeastthat were detectedwith
high-throughpuimethodsonly 2400are supportedoy morethanone method[Me02]. It
would beworthwhileto includemeasure$or thereliability of interactiongandthusinter-
logs)into the scoringschemeFor instancepnecoulddemandhata CCSfor two species
mustcompletelycontainall interactionsn ary of the two specieswith areliability above
a giventhreshold,andbe lessstrict concerninginteractionswith lower thresholds.This
would be a naturalway of introducingmoreflexibility in the definitionof CCS.

Finally, ourmethodcurrentlyfavorsgroupsof proteinsthatarehomogeneouslgnnotated.
Therefore Jarger subgraphgomprisingmorethanonebiological functionreceive an un-



favorablescore. For those,functionally consered sub-subgraphwithin the structurally
conseredsubgraphshouldbe studiedinsteadof the entiresubgraph.
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