
Identi�
ation of Protein Complexes by Comparative Analysis ofYeast and Ba
terial Protein Intera
tion DataRoded Sharan� Trey Idekery Brian Kelleyz Ron Shamirx Ri
hard M. Karp�May 2004Abstra
tMounting eviden
e shows that many protein 
omplexes are 
onserved in evolution. Here weuse 
onservation to �nd 
omplexes that are 
ommon to the yeast S. 
erevisiae and the ba
teriaH. pylori. Our analysis 
ombines protein intera
tion data, that are available for ea
h of thetwo spe
ies, and orthology information based on protein sequen
e 
omparison. We developa detailed probabilisti
 model for protein 
omplexes in a single spe
ies, and a model for the
onservation of 
omplexes between two spe
ies. Using these models, one 
an re
ast the questionof �nding 
onserved 
omplexes as a problem of sear
hing for heavy subgraphs in an edge- andnode-weighted graph, whose nodes are orthologous protein pairs.We tested this approa
h on the data 
urrently available for yeast and ba
teria and dete
ted11 signi�
antly 
onserved 
omplexes. Several of these 
omplexes mat
h very well with prior ex-perimental knowledge on 
omplexes in yeast only, and serve for validation of our methodology.The 
omplexes suggest new fun
tions for a variety of un
hara
terized proteins. By identifyinga 
onserved 
omplex whose yeast proteins fun
tion predominantly in the nu
lear pore 
omplex,we propose that the 
orresponding ba
terial proteins fun
tion as a 
oherent 
ellular membranetransport system. We also 
ompare our results to two alternative methods for dete
ting 
om-plexes, and demonstrate that our methodology obtains a mu
h higher spe
i�
ity.�International Computer S
ien
e Institute, 1947 Center St., Berkeley, CA 94704.froded,karpg�i
si.berkeley.edu.yDept. of Bioengineering, U. C. San-Diego, 9500 Gilman Drive, La Jolla, CA 92093. trey�bioeng.u
sd.edu.zWhitehead Institute for Biomedi
al Resear
h, 9 Cambridge Ctr., Cambridge, MA 02142. bkelley�wi.mit.edu.xS
hool of Computer S
ien
e, Tel-Aviv University, Tel-Aviv 69978, Israel. rshamir�tau.a
.il.
1



1 Introdu
tionWith the sequen
es of dozens of genomes at hand, and the a

umulating information on the tran-s
riptomes and proteomes of di�erent organisms, a new resear
h paradigm is emerging in mole
ularbiology. At the 
ore of this paradigm is the 
omparative analysis of biologi
al properties of twoor more spe
ies, using the wealth of organisms to enhan
e weak relations and to draw 
on
lusionson one spe
ies, based on available information on other spe
ies. Comparative analysis, in the formof pairwise alignment, is frequently used in predi
ting protein fun
tion and stru
ture. Re
ently,
omparative approa
hes have been proven useful in diverse domains, in
luding gene �nding [5℄,motif �nding [14℄, 
is-regulation [22℄ and metaboli
 pathways [17, 26℄.Protein intera
tions are 
ru
ial to 
ellular fun
tion, both in assembling protein ma
hinery and
omplexes and in signaling 
as
ades, where protein intera
tions enable one protein to modify an-other to transmit biologi
al information. Re
ent te
hnologi
al advan
es enable us for the �rst timeto 
hara
terize networks of protein intera
tions. Among the most dire
t and systemati
 methodsfor measuring protein intera
tions are 
o-immunopre
ipitation [15℄ and the two-hybrid system [10℄that have de�ned large protein-protein intera
tion networks for several organisms, in
luding S.
erevisiae [9℄, H. pylori [19℄, C. elegans [6, 13℄ and D. Melanogaster [8℄.The growing information on protein networks for di�erent organisms naturally lends itself to
omparative analysis, whi
h tries to determine the extent to whi
h protein networks are 
onservedamong spe
ies and make use of the dis
overed 
onservation to predi
t novel networks or parts ofnetworks. Mounting eviden
e suggests that 
onserved protein intera
tion pathways indeed existand may be ubiquitous: For example, proteins in the same pathway are typi
ally present or absentin a genome as a group [18℄, and several hundred protein-protein intera
tions in yeast have alsobeen identi�ed for the 
orresponding protein orthologs in worm [13, 16℄.Previously, we have studied the 
onservation of pathways between the budding yeast S. 
ere-visiae and the ba
terial pathogen H. pylori by performing a whole-network-based 
omparison be-tween the protein-protein intera
tion maps of the two spe
ies [12℄. Our analysis suggested manysimilarities between the two networks, some of whi
h 
orrespond to well-known biologi
al pathways.Here we study another aspe
t of the similarity between the yeast and ba
terial protein networks,namely, the 
onservation of 
omplexes between the two spe
ies. In both the present study and theearlier one the goal is to �nd two sets of proteins, one in yeast and one in ba
teria, su
h thatmany of the proteins in ea
h set have orthologous 
ounterparts in the other, there is a high level2



of intera
tion among the proteins in ea
h set, and the patterns of intera
tion in the two sets aresimilar. But while the methods of the earlier study were aimed at �nding 
hain-like patterns ofintera
tion of the type that might o

ur in signal transdu
tion pathways, the present study fo
useson protein 
omplexes and looks for dense, 
lique-like intera
tion patterns that are 
onserved in thetwo spe
ies.At the heart of our analysis is a novel probabilisti
 model for a protein intera
tion networkin a single spe
ies, and a two-spe
ies model that 
ombines, in a uni�ed manner, the intera
tionmodel of ea
h spe
ies as well as information on the similarity of protein pairs between the twospe
ies. This model is used to 
onstru
t an orthology graph, whose nodes 
orrespond to pairs ofputative orthologous proteins (a protein may appear in multiple nodes with di�erent orthologs), andwhose edges 
orrespond to protein intera
tions. The edges of the graph are assigned weights withprobabilisti
 meaning, so that high weight subgraphs 
orrespond to 
onserved protein 
omplexes.We propose a pra
ti
al method to sear
h the orthology graph for 
omplexes of densely intera
tingproteins, whi
h is based on forming high weight seeds and extending them using lo
al sear
h.We applied our algorithm to data on protein intera
tions and protein sequen
es for yeast andba
teria. The algorithm identi�ed 11 signi�
antly 
onserved 
omplexes, with sizes ranging be-tween 6 and 20 protein pairs. Several of these 
omplexes mat
h very well with prior experimentalknowledge on 
omplexes in yeast only, and serve for validation of our methodology. The identi-�ed 
omplexes suggest new fun
tions for a variety of un
hara
terized proteins. In parti
ular, byidentifying a 
onserved 
omplex whose yeast proteins fun
tion predominantly in the nu
lear pore
omplex, we propose that the 
orresponding ba
terial proteins fun
tion as a 
oherent 
ellular mem-brane transport system. We also 
ompare our results to two alternative methods for dete
ting
omplexes, and demonstrate that our methodology obtains a mu
h higher spe
i�
ity. In addition,we show the utility of using our probabilisti
 model for analyzing intera
tion data from a singlespe
ies.The paper is organized as follows: In Se
tion 2 we present our probabilisti
 model for 
ompar-ative protein intera
tion data. In Se
tion 3 we des
ribe our algorithm for identifying high-s
oring,
onserved protein 
omplexes. The appli
ation to real data and 
omparison to extant approa
hesare presented in Se
tion 4.A preliminary version of this paper has appeared in the Pro
eedings of the Eighth AnnualInternational Conferen
e on Resear
h in Computational Mole
ular Biology [21℄.3



Figure 1: A protein 
omplex in the yeast intera
tion graph. Shown is the Skp1-Cd
53/
ullin-F-box (SCF) 
omplex, whi
h is involved in ubiquitin ligation. Ea
h edge denotes a dire
t intera
tionbetween the 
orresponding proteins. As shown, this 
omplex indu
es a 
lique in the yeast intera
tiongraph.2 A Probabilisti
 Model for Protein ComplexesIn this se
tion we present a probabilisti
 model for protein intera
tion data within a single spe
ies,and then extend it to two spe
ies. Given a dataset of protein intera
tions for some organism, wetranslate it into an intera
tion graph G, whose verti
es are the organism's intera
ting proteins, andwhose edges represent pairwise intera
tions between distin
t proteins. Using this formulation, aprotein 
omplex 
orresponds to a subgraph of G that is typi
ally dense (see, e.g., Figure 1). Hen
e,surprisingly dense subgraphs in G may be suggested as putative protein 
omplexes.In the 
ase of perfe
t data, ea
h edge in the intera
tion graph represents a known intera
tion,ea
h non-edge represents a known non-intera
ting pair, and we are seeking a surprisingly densesubgraph of G. To this end we formulate a log likelihood ratio model that is additive over theedges and non-edges of G, su
h that highly s
oring subgraphs would 
orrespond to likely protein
omplexes. This approa
h requires spe
ifying a null model and a protein-
omplex model for vertexpairs. Similarly to the probabilisti
 approa
h taken in [24, 23℄, we de�ne the two models as follows:The protein-
omplex model, M
, assumes that every two proteins in a 
omplex intera
t with somehigh probability �. In terms of the graph, the assumption is that two verti
es that belong to thesame 
omplex are 
onne
ted by an edge with probability � independently of all other information.While our model assumes that a 
lique is the ideal stru
ture of a protein 
omplex, other reasonablemodels 
ould be formulated, su
h as a \hub" model, in whi
h all verti
es are 
onne
ted to a 
entervertex of high degree.In 
ontrast, the null model, Mn, assumes that ea
h edge is present with the probability that onewould expe
t if the edges of G were randomly distributed but respe
ted the degrees of the verti
es.More pre
isely, we let FG be the family of all graphs having the same vertex set as G and the same4



degree sequen
e, and we de�ne the probability of observing the edge (u; v) to be the fra
tion ofgraphs in FG that in
lude this edge. Note that in this way, edges in
ident on verti
es with higherdegrees have higher probability. We estimate these probabilities using a Monte-Carlo approa
h, asdes
ribed in Se
tion 4. We assume that all pairwise relations are independent.A 
ompli
ating fa
tor in 
onstru
ting the intera
tion graph is that we do not know the realprotein intera
tions, but rather have partial, noisy observations of them. Formally, let us denoteby Tuv the event that two proteins u; v intera
t, and by Fuv the event that they do not intera
t.Denote by Ouv the (possibly empty) set of available observations on the proteins u and v, that is,the set of experiments in whi
h an intera
tion between u and v was, or was not, observed. Usingprior biologi
al information one 
an estimate for ea
h protein pair the probability Pr(OuvjTuv) ofthe observations on this pair, given that it intera
ts, and the probability Pr(OuvjFuv) of thoseobservations, given that this pair does not intera
t. Also, one 
an estimate the prior probabilityPr(Tuv) that two random proteins intera
t.Given a subset U of the verti
es, we wish to 
ompute the likelihood of U under a protein-
omplex model and under a null model. Denote by OU the 
olle
tion of all observations on vertexpairs in U . ThenPr(OU jM
) = Y(u;v)2U�U Pr(OuvjM
) (1)= Y(u;v)2U�U [Pr(OuvjTuv;M
)Pr(TuvjM
) + Pr(OuvjFuv ;M
)Pr(FuvjM
)℄ (2)= Y(u;v)2U�U [�Pr(OuvjTuv) + (1� �)Pr(OuvjFuv)℄ (3)Equation 1 follows from the assumption that all pairwise intera
tions are independent. Equation 2is obtained using the law of 
omplete probability. Equation 3 follows by noting that given thehidden event of whether u and v intera
t, Ouv is independent of any model.It remains to 
ompute Pr(OU jMn). Sin
e our previous null model depended on having thedegree sequen
e of the intera
tion graph, we 
annot use it as is. To over
ome this diÆ
ulty weapproximate the degree sequen
e of the hidden intera
tion graph: Let d1; : : : ; dn denote the expe
teddegrees of the verti
es in G, rounded to the 
losest integer. In order to 
ompute d1; : : : ; dn we applyBayes' rule to derive the expe
tation of Tuv for any pair u; v given our observations on this vertexpair: Pr(TuvjOuv) = Pr(OuvjTuv)Pr(Tuv)Pr(OuvjTuv)Pr(Tuv) + Pr(OuvjFuv)(1� Pr(Tuv))Hen
e, di = [Pj Pr(TijjOij)℄, where [�℄ indi
ates rounding.5



Our re�ned null model assumes that G is drawn uniformly at random from the 
olle
tion of allgraphs, whose degree sequen
e is d1; : : : ; dn. This indu
es a probability puv for every vertex pair(u; v). We 
an now 
al
ulate the probability of OU a

ording to the null model:Pr(OU jMn) = Y(u;v)2U�U[puvPr(OuvjTuv) + (1� puv)Pr(OuvjFuv)℄Finally, the log likelihood ratio that we assign to a subset of verti
es U isL(U) = log Pr(OU jM
)Pr(OU jMn) (4)= X(u;v)2U�U log �Pr(OuvjTuv) + (1� �)Pr(OuvjFuv)puvPr(OuvjTuv) + (1� puv)Pr(Ouv jFuv) (5)= X(u;v)2U�U log �Pr(TuvjOuv)(1 � Pr(Tuv)) + (1� �)(1 � Pr(TuvjOuv))Pr(Tuv)puvPr(TuvjOuv)(1 � Pr(Tuv)) + (1� puv)(1� Pr(TuvjOuv))Pr(Tuv) (6)where Equation 6 follows by applying Bayes' rule and 
an
elling 
ommon terms in the numeratorand denominator.2.1 Two-Spe
ies Conservation ModelConsider now the 
ase of data on two spe
ies 1 and 2, denoted throughout by an appropriatesupers
ript. Here we wish to s
ore a 
onserved 
omplex that is de�ned by two subsets of proteins,one from ea
h spe
ies, and a many-to-many 
orresponden
e asso
iating proteins in one spe
ies withtheir putative orthologous proteins in the other spe
ies. Consider two subsets U1 = fu11; : : : ; u1k1gand V 2 = fv21 ; : : : ; v2k2g and some many-to-many mapping � : U1 ! V 2 between them. Assumingthat the intera
tion graphs of the two spe
ies are independent of ea
h other, the log likelihood ratios
ore for these two sets is simply:L(U1; V 2) = log Pr(OU1 jM1
 )Pr(OU1 jM1n) + log Pr(OV 2 jM2
 )Pr(OV 2 jM2n)However, this s
ore does not take into a

ount the degree of sequen
e 
onservation among the pairsof proteins asso
iated by �. In order to in
lude su
h information we have to de�ne a 
onserved
omplex model and a null model for pairs of proteins from two spe
ies. Our 
onserved 
omplexmodel assumes that pairs of proteins asso
iated by � are orthologous. The null model assumesthat su
h pairs 
onsist of two independently 
hosen proteins. Let Euv denote the BLAST E-valueassigned to the similarity between proteins u and v, and let huv; �huv denote the events that u andv are orthologous, or non-orthologous, respe
tively. The likelihood ratio 
orresponding to a pair of6



proteins (u; v) is thereforePr(EuvjM
)Pr(EuvjMn) = Pr(Euvjhuv)Pr(Euvjhuv)Pr(huv) + Pr(Euvj�huv)Pr(�huv)Using Bayes' rule we 
an derive a simpler expression, Pr(huvjEuv)Pr(h) , where Pr(h) is the prior proba-bility that two proteins are orthologous.Thus, the 
omplete s
ore of U1 and V 2 under the mapping � is:S�(U1; V 2) = L(U1; V 2) + k1Xi=1 Xv2j2�(u1i ) log Pr(hu1i v2j jEu1i v2j )Pr(h)3 Sear
hing for Conserved ComplexesUsing the above model for 
omparative intera
tion data, the problem of identifying 
onservedprotein 
omplexes redu
es to the problem of identifying a subset of proteins in ea
h spe
ies, anda 
orresponden
e between them, su
h that the s
ore of these subsets ex
eeds a threshold. In thisse
tion we present our sear
h strategy.3.1 The Orthology GraphTo allow eÆ
ient sear
h for 
onserved protein 
omplexes, we de�ne a 
omplete edge- and node-weighted orthology graph (extending [12℄). We fo
us on yeast and ba
teria. Denote by supers
riptsp and y the model parameters 
orresponding to ba
teria and yeast, respe
tively. For two yeastproteins y1 and y2 de�newy(y1;y2) = log �yPr(Oy1y2 jTy1y2) + (1� �y)Pr(Oy1y2 jFy1y2)pyy1y2Pr(Oy1y2 jTy1y2) + (1� pyy1y2)Pr(Oy1y2 jFy1y2)Similarly, for two ba
terial proteins p1 and p2 de�newp(p1;p2) = log �pPr(Op1p2 jTp1p2) + (1� �p)Pr(Op1p2 jFp1p2)ppp1p2Pr(Op1p2 jTp1p2) + (1� ppp1p2)Pr(Op1p2 jFp1p2)Every pair (y1; p1) of yeast and ba
terial proteins is assigned a node, whose weight re
e
ts thesimilarity of the proteins, that is,w(y1;p1) = log Pr(hy1p1 jEy1p1)Pr(h) :Every two distin
t (but possibly overlapping) nodes (y1; p1); (y2; p2), are 
onne
ted by an edge,whi
h is asso
iated with a pair of weights (wy(y1;y2); wp(p1;p2)). If y1 = y2 (p1 = p2) we set the �rst(se
ond) weight to 0. 7



By 
onstru
tion, an indu
ed subgraph of the orthology graph 
orresponds to two subsets ofproteins, one from ea
h spe
ies, and a many to many 
orresponden
e between them. We de�nethe z-s
ore of an indu
ed subgraph with vertex sets U1 and V 2 and a mapping � between them,as the log likelihood ratio s
ore S�(U1; V 2) for the subgraph, normalized by subtra
ting its meanand dividing by its standard deviation. In 
omputing the z-s
ore we assume that node- and edge-weights are independent, so the mean and varian
e of S�(U1; V 2) are obtained by summing thesample means and varian
es of the 
orresponding nodes and edges. In detail, the sample meanof a node is the average node weight in the orthology graph; the sample mean of an edge is theaverage weight of an edge in the yeast intera
tion graph plus the average weight of an edge in theba
terial intera
tion graph; varian
es are similarly 
omputed. High-s
oring indu
ed subgraphs inthe orthology graph 
orrespond to putative 
onserved protein 
omplexes.In order to redu
e the 
omplexity of the graph and fo
us on biologi
ally plausible 
onserved
omplexes, we �lter nodes from the graph as follows: We start with an initial set of yeast-ba
terialprotein pairs, whose BLAST E-value is smaller than 10�2. We �lter from this set pairs for whi
h atleast one of the proteins has no intera
tions with other proteins in our data. Let S be the resultingset of pairs. Pairs of proteins that do not belong to S are 
onsidered to have low likelihood totake part in a 
onserved 
omplex [12℄. Hen
e, we 
onsider them only if they satisfy the following
ondition: For every node (p; y) 62 S we 
he
k whether there exist two nodes (p1; y1); (p2; y2) 2 Ssu
h that p intera
ts with p1 and p2 and y intera
ts with y1 and y2. If no su
h nodes exist, weremove (p; y) from the graph. Otherwise, we retain it. The added nodes serve as 'bridges' in theorthology graph between protein pairs, whose members in ea
h spe
ies are not known to dire
tlyintera
t.3.2 The Sear
h StrategyThe problem of sear
hing for heavy indu
ed subgraphs in a graph is NP-hard even when 
onsideringa single spe
ies where all edge weights are 1 or -1 and all vertex weights are 0 [20℄. Thus, in thefollowing we propose heuristi
 strategies for sear
hing the orthology graph.We perform a bottom-up sear
h for heavy subgraphs in the orthology graph. We start from highweight seeds, re�ne them by exhaustive enumeration, and then expand them using lo
al sear
h.A similar approa
h based on lo
al sear
h was shown to work well in analyzing high-throughputgenomi
 data [24℄. De�ne an edge in the orthology graph as strong if the sum of its asso
iatedweights (the edge weights within ea
h spe
ies' graph) is positive. In the �rst phase of the sear
h we8




ompute a seed around ea
h node v, whi
h 
onsists of v and all its neighbors u su
h that (u; v) is astrong edge. If the size of this set is above a threshold (e.g., 10) we iteratively remove from it thenode whose 
ontribution to the subgraph s
ore is minimum, until we rea
h the desired size. Next,we enumerate all subsets of the seed that have size at least 3 and 
ontain v. Ea
h su
h subset is are�ned seed on whi
h we apply a lo
al sear
h heuristi
. During the lo
al sear
h we iteratively adda node, whose 
ontribution to the 
urrent seed is maximum, or remove a node, whose 
ontributionto the 
urrent seed is minimum, as long as this operation in
reases the overall s
ore of the seed.Throughout the pro
ess we preserve the original re�ned seed and do not delete nodes from it. Forea
h node in the orthology graph we re
ord up to k (e.g., 5) heaviest subgraphs that were dis
overedaround that node.The resulting subgraphs may overlap 
onsiderably, so we use a greedy algorithm to �lter sub-graphs whose per
entage of interse
tion is above a threshold. The algorithm iteratively �nds thehighest weight subgraph, adds it to the �nal output list, and removes all other highly interse
tingsubgraphs (see Se
tion 4 for pre
ise details on the �ltering 
riterion).In order to evaluate the statisti
al signi�
an
e of identi�ed 
omplexes we 
ompute two kinds ofp-values. The �rst is based on the z-s
ores that were 
omputed (and optimized) for ea
h subgraph,and assumes a normal approximation to the likelihood ratio of a subgraph. The approximationrelies on the assumption that the subgraph's nodes and edges 
ontribute independent terms to thes
ore. The latter probability is Bonferroni 
orre
ted for multiple testing, a

ording to the size ofthe subgraph. The se
ond p-value is based on empiri
al runs on randomized data. The randomizeddata are produ
ed by random shu�ing of the input intera
tion graphs of the two spe
ies, preservingtheir degree sequen
es, as well as random shu�ing of the orthology relations, preserving the numberof orthologs asso
iated with ea
h protein. For ea
h randomized dataset we use our heuristi
 sear
hto �nd the highest-s
oring 
onserved 
omplex of a given size. We then estimate the p-value of asuggested 
omplex of the same size, as the fra
tion of random runs in whi
h the output 
omplexhad larger s
ore.4 Experimental Results4.1 Building the Orthology Graph and Parameter EstimationWe applied our method to publi
ly available data on S. 
erevisiae andH. pylori. We �rst 
onstru
teda protein-protein intera
tion network for ea
h spe
ies. The yeast network 
ontained 14,848 pairwise9



intera
tions among 4,716 proteins, and is based on several systemati
 studies using protein 
o-immunopre
ipitation and the yeast two-hybrid system. The ba
terial network 
ontained 1,403pairwise intera
tions among 732 proteins, whi
h 
ome from a single two-hybrid study [19℄. Allintera
tions were extra
ted from DIP [29℄ (August 2003 version).Protein sequen
es for both spe
ies were obtained from PIR [28℄. Alignments and asso
iatedE-values were 
omputed using BLAST 2.0 [3℄ with parameters b = 0; e = 1E6; f ="C;S"; v = 6E5.Unalignable proteins were assigned a maximum E-value of 5. Altogether, 1,909 protein pairs hadE-value below 0.01, out of whi
h 822 pairs 
ontained proteins with some measured intera
tion.Adding 1,242 additional pairs with weak homology (as des
ribed in Se
tion 3), and removing nodeswith no in
ident strong edge, resulted in a �nal orthology graph G with 866 nodes and 12,420edges. In total, 248 distin
t ba
terial proteins and 527 yeast proteins parti
ipated in G.A good estimation of the probabilisti
 parameters in the model is a pre
ondition to obtainingmeaningful results. We used the maximum likelihood method of Deng et al. [7℄ for estimatingthe reliability of observed intera
tions in yeast. The method provides reliability estimates thatdepend on the experimental method used to dete
t the intera
tion, and on the number of timesea
h intera
tion was observed. The reliability of the intera
tions in H. pylori was estimated at0.53, whi
h was the same reliability as that assigned by Deng et al. [7℄ to the yeast two-hybridexperiment of Uetz et al. [27℄, and was supported by the estimations given in [19℄. We did not usenegative information on intera
tions that were tested but were not observed, as su
h data were notreadily available.For ea
h spe
ies, the probabilities of observing ea
h parti
ular edge in a random graph withthe same degree sequen
e, was 
omputed by Monte-Carlo simulations as follows. Starting from theoriginal intera
tion graph, we performed a long series of random edge 
rosses, ea
h time pi
kingat random two edges (a; b); (
; d), and repla
ing them with (a; 
); (b; d) (disallowing self-loops),provided that the latter two edges were not present in the 
urrent graph. This pro
ess shu�es theedges in the graph while preserving the degrees of the verti
es. The per
entage of simulations inwhi
h an edge was observed was the estimate of its probability.Other parameters related to the edge weights were set as follows: The probability of observingan intera
tion in a 
omplex model was set in both yeast and ba
teria to � = 0:95. The priorprobability of a true intera
tion was set to 0.001 in both spe
ies based on an estimate of 6,334proteins and 20,000 true protein-protein intera
tions in yeast [4℄. The probability of observinga true intera
tion was estimated by the ratio of expe
ted number of true intera
tions that were10



observed and the total number of observed intera
tions. The prior probability of observing someintera
tion for a given pair of verti
es was set a

ording to the number of intera
tions and proteinsin our data: Pr(Oyy1;y2 6= ;) = 0:00135 and Pr(Opp1;p2 6= ;) = 0:00524.As for the node weights, the parameters of the model were derived as follows: The prior prob-ability that a yeast protein and a ba
terial protein are orthologous was 
omputed as the frequen
yof protein pairs from both spe
ies that are in the same COG (
luster of orthologous genes) [25℄,with a value of Pr(h) = 0:001611 (see also [12℄). The 
onditional probability that a pair of proteinsare orthologous, given their BLAST E-value, was 
omputed as in [12℄.4.2 Protein Complex Identi�
ation and ValidationWe applied our algorithm to the yeast-ba
teria orthology graph in sear
h of 
onserved 
omplexes.Altogether, the algorithm identi�ed 11 non-redundant 
omplexes, whose p-values were smaller than0.05, after 
orre
tion for multiple testing. These 
omplexes were also found to be signi�
ant whens
ored against empiri
al runs on randomized data (p < 0:05). The 
omplexes are listed in Table 1.Complex sizes varied between 6 to 20 protein pairs (20 was the maximum allowed size). Redundant
omplexes were �ltered by disallowing large overlap between two 
omplexes. Pre
isely, if 60% ofthe nodes or 60% of the distin
t proteins in ea
h spe
ies were 
ommon to two 
omplexes, the onewith the poorer p-value was removed.To validate the results, we �rst used information about known protein 
omplexes in yeast.We extra
ted assignments of yeast genes to 
omplexes from the MIPS database [1℄ (August 2003version). 285 nodes in the orthology graph had su
h assignments. We used 
omplex 
ategoriesat level 3 of the MIPS 
omplex hierar
hy. In total, 18 
ategories had at least three genes fromthe orthology graph, and six 
ategories had at least �ve. For ea
h of our 
omplexes we 
omputedthe largest number of proteins from a single 
ategory, as a fra
tion of all its 
ategorized members.This fra
tion is 
alled the purity of the 
omplex. High purity indi
ates a 
onserved 
omplex that
orresponds to a known 
omplex in yeast, and serves as a validation for the result. Low puritymay either indi
ate an in
orre
t 
omplex or a previously unidenti�ed 
orre
t one. Note that most
omplexes also 
ontain proteins that are not known to belong to any 
omplex in yeast, and so ourresults suggest additional members in known 
omplexes.For ba
teria, sin
e experimental information on 
omplexes is unavailable, we used fun
tionalannotations instead. We extra
ted 864 fun
tional annotations of ba
terial genes from the TIGRdatabase [2℄. We used a 
ategorization of H. pylori genes into 14 broad fun
tional 
lasses, spanning11



757 nodes in our orthology graph. Purity was 
omputed in the same manner.The signi�
ant 
omplexes that we have identi�ed exhibit a ni
e 
orresponden
e between theprotein 
omplex annotation in yeast and the fun
tional annotation in ba
teria, as presented in Ta-ble 1 and further visualized in Figure 2. For instan
e, 
omplex 17 
ontains proteins from both yeastand ba
teria that are involved in protein degradation; 
omplexes 19 and 28 
onsist predominantlyof proteins that are involved in translation; and 
omplex 30 in
ludes proteins that are involved inmembrane transport.Our 
onserved protein 
omplexes suggest new fun
tions for a variety of un
hara
terized proteins.For instan
e, 
omplex 17 (Figure 2(a)) de�nes a set of 
onserved intera
tions for the 
ell's proteindegradation ma
hinery. Ba
terial proteins HP0849 and HP0879 are largely un
hara
terized, buttheir appearan
e among yeast and ba
terial proteins involved in proteolysis suggests that they alsoplay an important role in this pro
ess. Furthermore, it appears that the yeast proteins Hsm3 andRfa1 (with known fun
tional roles in DNA-damage repair) may also be asso
iated with the yeastproteasome. Complexes 19 and 31 (Figure 2(b,d)) suggest that their 
omponent proteins, some ofwhi
h are un
hara
terized, are involved in protein synthesis.As another example of protein fun
tional predi
tion, Figure 2(b) shows a 
onserved 
omplexwhi
h 
ontains yeast proteins that fun
tion in the nu
lear pore (NUP) 
omplex. The NUP 
om-plex is integral to the eukaryoti
 nu
lear membrane and serves to sele
tively re
ognize and shuttlemole
ular 
argos (e.g., proteins) between the nu
leus and 
ytoplasm. Unlike the yeast proteins,the 
orresponding ba
terial proteins are less well 
hara
terized, although three have been asso
i-ated with the 
ell envelope due to their predi
ted transmembrane domains. Our results thereforeindi
ate that the ba
terial proteins may fun
tion as a 
oherent 
ellular membrane transport sys-tem in ba
teria, similar to the nu
lear pore in eukaryotes. Although further experimentation willbe ne
essary to explore this hypothesis, it is possible that these proteins 
omprise the an
estralprokaryoti
 ma
hinery from whi
h the NUP transport system evolved.4.3 Comparisons to Extant Approa
hesIn order to assess the advantage of our approa
h, we sear
hed for 
omplexes in the data usingtwo other methods: First, we formed a variant of the algorithm that uses only the protein-proteinintera
tions in yeast. That is, this variant sear
hes for heavy subgraphs in the yeast intera
tiongraph, where the edges of the graph are weighted a

ording to the log-likelihood ratio model. Usingthis variant to sear
h for protein 
omplexes in yeast is aimed at seeing what is gained (and lost) by12



ID S
ore Size Yeast enri
hment Ba
terial enri
hmentPurity Complex Category Purity Fun
tional Category1 16.16 12 (12,10) 0.17 (1/6) Translation (1) 0.56 (5/9) DNA-metabolism (19)8 3.31 6 (6,6) 1.00 (4/4) Respiration (4) 0.33 (2/6) Energy-metabolism (19)17 141.31 12 (6,12) 0.90 (9/10) Proteasome (9) 0.50 (2/4) Protein-fate (11)18 37.31 13 (9,13) 0.45 (5/11) Proteasome (9) 0.25 (2/8) DNA-metabolism (19)19 19.09 6 (6,6) 1.00 (6/6) Translation (10) 0.80 (4/5) Protein-synthesis (31)25 40.16 10 (8,10) 0.67 (4/6) Repli
ation (4) 0.20 (1/5) DNA-metabolism (19)28 9.39 9 (9,9) 0.60 (3/5) Translation (10) 0.50 (4/8) Protein-synthesis (31)30 383.52 20 (12,20) 0.55 (6/11) NUP (6) 0.43 (3/7) Cell-envelope (7)31 7.21 6 (6,6) 0 - 1.00 (4/4) Protein-synthesis (31)32 3.05 7 (6,7) 0.67 (2/3) Trans
ription (3) 0.25 (1/4) Trans
ription (4)33 15.68 13 (12,12) 0.40 (2/5) RNA-pro
essing (2) 0.33 (3/9) DNA-metabolism (19)Table 1: Conserved protein 
omplexes identi�ed between yeast and ba
teria. For ea
h 
omplex thetable lists its s
ore (-ln p-value, adjusted for multiple testing); its size (with the numbers of distin
tba
terial and yeast proteins in parentheses); purity, as measured using MIPS level 3 
ategorizationof 
omplexes in yeast (with the number of proteins from the most abundant 
ategory, and the totalnumber of 
ategorized proteins in the 
omplex, in parentheses); the most abundant 
ategory (andits size in parentheses); fun
tional purity, as measured using fun
tional annotation in ba
teria; andthe most abundant 
lass (with its size among the graph's annotated proteins in parentheses). Azero enri
hment for a 
omplex indi
ates that there is at most one annotated member of the 
omplex.Abbreviations: NUP (nu
lear pore 
omplex).adding the 
onstraint of 
ross-spe
ies 
onservation. Se
ond, we tested our previous probabilisti
model for protein intera
tions [12℄. That latter model is mu
h less involved than the 
urrent one:The weight of ea
h vertex in the orthology graph is set to the logarithm of the probability that themember proteins are orthologous. The weight of an edge is set to the logarithm of the probabilitythat it represents a true intera
tion.We used three measures to 
ompute the quality of the results. All three quantify the similaritybetween a given solution and a referen
e, putatively true, solution. In our 
ase, we used the known
omplex 
ategories in yeast as the referen
e solution, sin
e no knowledge on 
onserved 
omplexesis available. The Ja

ard measure, whi
h is often used in 
lustering (
f. [11℄), uses the notion ofmates. Two proteins are 
alled mates in a solution if they appear together in at least one 
omplex13
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distance 2 in yeast
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Figure 2: Conserved protein 
omplexes for proteolysis (panel a), protein synthesis (panels b andd), and nu
lear transport (panel 
). Conserved 
omplexes are 
onne
ted subgraphs within theba
teria-yeast orthology graph, whose nodes represent orthologous protein pairs and edges represent
onserved protein intera
tions of three types: Dire
t intera
tions in both spe
ies (red edges); dire
tin ba
teria but distan
e 2 in the yeast intera
tion graph (blue edges); and distan
e 2 in the ba
terialintera
tion graph but dire
t in yeast (green edges). In the algorithm, both nodes and edges areassigned weights a

ording to the probabilisti
 model. The number of ea
h 
omplex indi
ates the
orresponding 
omplex ID listed in Table 1.in that solution. Given two solutions, let n11 be the number of pairs that are mates in both, andlet n10 (n10) be the number of pairs that are mates in the �rst (se
ond) only. The Ja

ard s
ore isn11=(n11+n10+n01). Hen
e, it measures the 
orresponden
e between protein pairs that belong toa 
ommon 
omplex a

ording to one or both solutions. Two identi
al solutions would get a s
oreof 1, and the higher the s
ore the better the 
orresponden
e. The sensitivity measure quanti�es theextent to whi
h a solution 
aptures 
omplexes from the di�erent yeast 
ategories. It is formallyde�ned as the number of 
ategories for whi
h there was a 
omplex with at least half its annotatedelements being members of that 
ategory, divided by the number of 
ategories with at least threeannotated proteins. The spe
i�
ity measure quanti�es the a

ura
y of the solution. Formally, it isthe fra
tion of predi
ted 
omplexes whose purity ex
eeded 0.5.A 
omparison of the performan
e the three approa
hes is presented in Table 2. The Ja

ards
ore is signi�
antly better in our 
urrent approa
h than in [12℄. The sensitivity is lower, as14



we 
apture fewer 
ategories, but the spe
i�
ity is mu
h higher, so our predi
ted 
omplexes aremu
h more a

urate. Interestingly, when applying our algorithm using only data on yeast we geteven higher sensitivity, although again at the 
ost of spe
i�
ity. The Ja

ard s
ore of this run is
omparable to that of the 
omparative algorithm. This shows that our new probabilisti
 model 
anbe e�e
tively used, even for dete
ting 
omplexes using intera
tion data from a single spe
ies. Notethat we evaluated the results using data on yeast 
omplexes only, not all of whi
h are expe
ted tobe 
onserved. Still, the use of the ba
terial data signi�
antly improved the spe
i�
ity of the results.Algorithm Ja

ard Sensitivity Spe
i�
ityThis study 0.32 0.33 0.7Kelley et al. [12℄ 0.22 0.44 0.4Yeast only 0.33 0.67 0.48Table 2: Performan
e 
omparison of three algorithms for 
omplex dete
tion.Con
lusionsWe have presented a novel probabilisti
 model for the dete
tion of 
onserved 
omplexes among twospe
ies, and an algorithm to sear
h for signi�
ant 
omplexes. We applied our approa
h to studythe 
onservation between yeast and ba
terial protein intera
tion networks. We identi�ed highlyspe
i�
 
omplexes that were validated using known 
omplexes in yeast and fun
tional annotationin ba
teria. Although the present work has already revealed several 
onserved biologi
al stru
turesthat may have fun
tional signi�
an
e, many re�nements and extensions to our method should beexplored. Our model 
an be readily extended to allow intera
tions between two domains of thesame protein (manifested as self-loops in the intera
tion graph). Models in whi
h the primitiveelements are domains within proteins, rather than entire proteins, may be of value. We have used adense subgraph model that tends to �nd 
lique-like patterns of intera
tion; variations of the modeloriented towards other kinds of intera
tion patterns are also of interest. Proto
ols su
h as thetwo-hybrid system dete
t dire
ted intera
tions between proteins, suggesting the use of a dire
tedor mixed intera
tion graph instead of the 
urrent undire
ted model. In order to �nd 
omplexes
onserved in k spe
ies, where k > 2, our models should be extended to k-spe
ies orthology graphs,in whi
h ea
h node spe
i�es a protein from ea
h of k spe
ies; the s
oring of su
h nodes is an openquestion. Negative data, indi
ating the absen
e of protein-protein intera
tions, should be used15



to supplement the positive data presently used. Co-expression of genes, as measured in mi
roar-ray experiments, 
an also provide indire
t eviden
e for the intera
tion between the 
orrespondingproteins. Finally, the 
urrent protein-protein intera
tion data are sparse and unreliable; as theabundan
e and quality of the data improve, the predi
tive power of our methods and their futurere�nements will be greatly enhan
ed.A
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