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Abstract of the thesis

Geometric graphs in biological networks

By
Oleksii Kuchaiev
Master of Science in Computer Science
University of California, Irvine, 2009

Professor Natasa Przulj, Chair

Understanding complex networks of protein-protein interetions (PPISs) is one of
the foremost challenges of the post-genomic era. Due to therucial role in many
cellular functions, the topology of these networks is not capletely random and evo-
lution imposed many structural patterns on them worth of clge investigation. In this
thesis we show how graph theoretic and statistical ideas cé@ combined together to
approach modeling and de-nosing problems in PPI networkssesarch.

Mathematically, PPl networks are represented by graphs, i nodes corresponding
to di erent proteins and edges corresponding to the interdions between them. Many
random graph models were proposed to capture speci ¢ netwoproperties or mimic
the way real PPl networks might have evolved. In this thesiswe show how the
concept ofgeometric graphscan be used to utilize all currently available high quality
PPI connectivity information to generate better tting network models.

One of the biggest challenges in working with current PPI natorks is their levels of
noise and incompleteness. Recent advances in the experitaghiotechnology, such as
yeast-two-hybrid (Y2H) screens and tandem a nity puri cat ion (TAP), yielded a vast
amount of PPI data for di erent species. However, all thesexperimental techniques
su er from huge amounts of false positives and false negags. For example, for Y2H
screens, it is thought that the false positive rate could besahigh as 64%, and the

false negative rate may range from 43% to 71%. TAP experimantre believed to



have comparable levels of noise. This problem has stimuldt¢he development of
computational methods for PPI prediction and de-noising. W show that because of
their superior t to PPl networks, geometric random graphs an be used for predicting
novel interactions in PPI networks and to detect spurious ags. We propose a method
for PPI networks de-nosing which achieves better sensitiyiand speci city values that

in the commonly used experimental techniques and therefocan be used for guiding

biological experiments.



Chapter 1

Introduction

1.1 Motivation

Virtually in any area of life there are complex systems whichan be conveniently rep-
resented using graphs (or networks). The most prominent exgples are: many types
of biological networks, in particular protein-protein interaction (PPI) networks (which
are the focus of this thesis), social, informational, physal, transportation networks
and many others. Stated brie y, the main challenges that netork science has to deal
with are: enormous sizes of the networks, high levels of n@&nd incompleteness in the
data and computational intractability of many underlying graph-theoretical problems.
Relatively recent papers by Watts and Strogatz (1) and by Babasi and Albert
(2) gave rise to an enormous amount of work exploring the stcture and function of
real-world networks. Watts and Strogatz (1) found that manygraphs from di erent
areas of life, such as neuronal network of the worm, power d@metwork in the Western
USA and collaboration graph of Im actors, exhibit so-calld \small-world" property.
They also proposed a mathematical de nition of this model. fie concept of \small-
world" property is not new and probably it was rst introduced as early as in 1929 by
the Frigyes Karinthy in his short story \Chains". According to this concept, between

any two randomly chosen people there are always about 6 frasmwho can connect



them. After that, there was a sociological study in 1969 by Jey and Stanley (3)

supporting this hypothesis.

A year after Watts and Strogatz's paper, Barabasi and Alber{2) found that even
such diverse networks as genetic interaction networks and W& have power law
degree distributions, or as it is called in statistical phyiss, exhibit the \scale-free"
property. As it was the case with the \small-world" property, much earlier work exists
exploring this phenomenon in real-world systems (4; 5). 1955, Simon did not study
networks directly, however he found power-law degree digiution in: (i) distributions
of words in prose, (ii) distributions of scientists by numbeof papers published, (iii)
distributions of cities by population and (iv) distributions of income by size (4). In
his, work he derived a model almost identical to the one proged by Barabasi and
Albert (2) which produces such distributions. In his 1965 wd, Price also found and
proposed an explanation for the \scale-free" property in té citation networks, however
at that time this work did not receive appropriate attention from the scientists (5).

For a comprehensive history of the \scale-free" concept, es€6).

Network science is founded on the two well-established assaf mathematics: graph
theory and statistics. A network (also called agraph) is a pair G = (V; E) where V
is a set of nodes anE V V is a set of edges or links between nodes. Nodes
of the network represent elements of a complex system and twodesu and v are
connected by an edge if they are somehow related. Both graphebry and statistics
provide a wealth of tools for studying real-world networksUnfortunately, many graph-
theoretic problems which are important for practical appkations of networks (for
example network comparison) are NP-complete and therefor® e cient algorithm
is known for solving them exactly. Also, due to the huge sizex the real networks
and often overwhelming levels of noise in them, the focus irexeloping new tools
and algorithms for many network problems has shifted towasldevising new heuristic

approaches rather than trying to solve them exactly.



The focus of this thesis is application of network science &iudy protein-protein
interaction (PPI) networks. Proteins are extremely imporaint biomolecules in any
organism because they are responsible for the vast amountceflular functions. How-
ever, they rarely perform their functions alone. Instead, ey cooperate with each
other and form complex networks of protein-protein interatons. These networks are
usually represented with the help of undirected, unweightegraphs without self loops
where nodes correspond to proteins and an edge exists betwégo of them if they
physically interact. Figure 1.1 presents an example of a PRletwork. The topology
of PPI networks has been the focus of many studies. It can giws new insights into
functions of individual proteins as well as protein comples and cellular machinery as
a larger complex system (7; 8). Protein-protein interactio data come from the exper-
imental studies such as yeast-two-hybrid (Y2H), tandem a rity puri cations (TAP),
high-throughput mass spectrometric protein complexes idé cation (HMS-PCI) and
others. Recent studies (9; 10; 11; 12; 13; 14; 15; 16; 17) hpublished a vast amount
of PPI data for various organisms. However, a major problenmf @all these data sets
are their levels of noise and incompleteness. It is believdtht the false positive rate
for the Y2H data can be as high as 64% and false negative ratebistween 43% - 71%
(18). For TAP experiments these rates are also very high. Isiestimated that false
positive rate for TAP experiments can be as high as 77% and $al negative rate is
within 15% - 50% (18). Hence, new accurate models which can lied to model PPI

networks and predict false positives and negatives in themmeaare of practical interest.

1.2 Current challenges in PPI network research

Currently, there are several key challenges in PPI networkesearch. First challenge
is modeling. As of 2009 there is no complete and clean PPI netk of any organism
available. Even the most studied PPl network of yeast is veryoisy and far from

being complete. Hence, it is important to nd a well- tting graph theoretic model



Figure 1.1: An example ofSaccharomyces cerevisiageast) PPl network. This is the
largest connected component of the high con dence yeast netrk reported in (17).

It has 1,004 nodes and 8,323 edges.

for PPl networks. Such model would allow us to better underahd the topology
of PPI networks. Also, models are necessary for almost anyasttical analyses of
real world networks. Many random network models have been guosed to describe
PPI networks: (i) Erdos-Renyi random graphs (19), (ii) Sca-free models (2), (iii)
geometric random graphs (20), and (iv) Stickiness-Index bad models (21). Which
model ts PPI networks best is still an open question, and péraps newer and better

models will be devised to address this problem.

The second key problem, particularly inherent to PPI netwdts, is detecting false
positives and false negatives in them. There are three type$ computational ap-

proaches addressing this problem. Some techniques only toypredict novel interac-



tions between proteins, that is, detect false negatives imé data (22; 23; 24; 25; 26).
Other techniques use existing PPl data sets and attempt to dect false positives in
the existing data (27; 28). Finally, there are approaches 92 which can detect both
false positives and false negatives in PPI networks. In Chegp 3, we show how geo-
metric graph model can be utilized to detect both false negats and false positives

in the data.

The third important challenge in PPI network research is netork comparison.
Many graph theoretic parameters such as average pathlengtblustering coe cient,
betweenness, centralities, degree distribution, etc. cdre used to compare two net-
works. However, these parameters give us very limited knadge of network topology.
Another way of comparing two networks isnetwork alignment Given two networks
G1(Vi; E1) and Gy(Vz; E»), the network alignment problem asks to nd a mapping
f : V1! V, that aligns topologically \similar" nodes. A perfect exampe of a map-
ping that aligns topologically similar nodes together igraph isomorphism The map-
pingf : Vi ! V,is an isomorphism betweerG; and G, i 8v;w 2 Vi, (v;w) 2 E;
implies (f (v);f (w)) 2 E,. Clearly, even for two graphs of the same size an isomor-
phism between them does not necessarily exist. Hence, we dé&v de ne the notion
of topological similarity for pairs of graphs with di erent numbers of nodes and dif-
ferent structures. In either case, any reasonable formulah of network alignment
problem should include subgraph isomorphism problem (winids NP-complete) as a
special case. Moreover, note that for \graph isomorphism"rpblem (i.e., nding an
isomorphism between two graphs) it is not even known if it is R-complete or not.
Hence, network alignment problem is computationally hardred has to be addressed
using heuristics. A well tting model for the PPI networks wil allow us to address
this problem not for the graphs in general, but for some pawntular family of networks

and can suggest good heuristics or even make it computatidiyatractable.



1.3 Background

1.3.1 Global network properties

Before discussing the most commonly used network models, imgoduce a few basic
graph de nitions and properties. A graphG(E; V) is calledsimple if it is unweighted
(no weight function is de ned on its edges), undirected§(u;v) 2 E : (u;v) = (v; u)),
and contains no self-loops8v 2 V : (v;v) 2 E) or multiple edges. In this thesis, we

only discuss nite simple graphs and refer to them as just \@aphs" or \networks".

A degreeof a nodev 2 V is a number of its neighbors in the network. We denote
a degree of noder 2 V asdeqv). If there is an edge (;V) in the network, the
nodesu and v are calledadjacent A set of all neighbors of a noder 2 V is usually
denoted byNg(v) = fu2 V : (u;v) 2 Eg. Formally, the degree of the node is de ned
as dedgVv) = jNg(v)j. A degree distributionof the graph G = (V;E) is a sequence
P (k)xvev 4edV) \where P (k) is number of nodes in graptG with degreek.

A path P between two nodess and v in the graph G(V; E) is a sequence of edges
f (Xi; Xi+1)0o such that: (i) xo = uandx_ = v, (i) 8i =1;3;5:;L 2:X = X1,
and (iii) each nodex; for i = 1;::;L is present only once in the pathP. A path
C with xo = x_ is called acycle If for any pair of nodesu;v 2 V there is a path
between them, the graph is calledonnected otherwise it is calleddisconnected For
a given graphG(V;E) we call H(V%E9 a subgraphof Gi V°® V andE? E.
For any two nodesu and v from the same connected component (subgraph) we can
de ne a distance or pathlengthbetween them,d(u;v), to be equal to the number of
edges on the shortest path between and v. If graph is disconnected we de ne a
distance between nodes from di erent connected componerits be equal to in nity.
The shortest path distance satis es all axioms of the metricand thus a pair (G; d)
is a discrete metric space. Araverage pathlengttof the graph G is an average over

all distances between all pairs of its connected nodes. dlameter of the graph is a



maximum distance between any two connected nodes in the ghap

Another commonly used network property is the clustering acient. The clus-
tering coe cient of a nodev 2 V is dened asC, = deg(v)(ffm whereE, is the
number of edges between neighbors of If degree ofv is 0 or 1, then its clustering
coe cient is de ned to be 0. One may think of clustering coe cient of a node as docal
rather then global network property. However, clustering coe cients of singt nodes
are usually of limited interest. Instead, their distribution or the average clustering

coe cient of the graph is considered. The average clustering coe cienf graph G is

the average of clustering coe cients of its nodes
C L C (1.1)
G = - . .
iy
Hence, it re ects the likelihood of two nodes to interact, gien that they share a
common neighbor. Sometimes the clustering coe cient of a gph is de ned as

o _ 3 number of triangles in the network
S~ number of connected triples in the network

(1.2)

If a graph has nodes with degree 1 and 0, the values@f and C2 can di er dramat-
ically; for a discussion about this see (30).

Small-world property. As mentioned above, Watts and Strogatz (1) noticed
that many real-world networks from di erent areas of sciene exhibit so-called \small-
world" property. Figure 1.2 illustrates Watts-Strogatz \small-world" model.

Here we de ne it more precisely. Suppose we are studying netlk G = (V; E) with
average clustering coe cientCg and average pathlength_g. Let Ry; Ro; 5 Ry, bem
(for su ciently large m) instances of Erdos-Renyi random graphs (de ned in Section
1.3.3 below) with the same number of nodes and edges@sDenote by C,angom and

L:andom the averages of their average clustering coe cients and arsge pathlengths

respectively. Then we dene = —¢—, = =¢—and = - (31). A small-world
network is a network that has the clustering coe cient highe than random graphs and
approximately the same average pathlength. Hence, mathetizally, we can de ne a

network to have \small-world" property i 1.



Regular Small-world

Increasing randomness

Figure 1.2: Watts-Strogatz \Small-world" model. The leftnost network is a regular
lattice with high clustering coe cient but large average pahlength. The network in
the middle is an example of a \small-world" network with highclustering coe cient
and small average pathlength. The rightmost network is an Eos-Renyi random
graph with small average pathlength and small clustering eocient. This gure is

taken from (1).

1.3.2 Local network properties

Global networks properties described in the previous seati are very important struc-
tural characteristics of the network. However, these propges alone do not tell us
much about the local structure of a network. For example, itg trivial to construct two
networks with the same degree distribution but with vastly derent local structures.
Figure 1.3 provides such example. The same is also true foethlustering coe cient

and the average diameter.

An additional issue with using global network properties focomparing two net-
works, e.g., for evaluating the t of network models to a reaivorld PPl network, is
the noise and incompleteness abundant in the current PPI ngorks. For example, if
we take two networks with the same structure, by removing e@&g from them we will
decrease the degrees of the nodes, the clustering coe cierdand the average diam-

eters of both networks and therefore, while some structuradatterns between these
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Figure 1.3: An example of two graphs of the same size with exigcthe same degree
distribution, but with largely di erent local structure. T he blue graph (on the left)

has several triangles, whereas the red graph (on the rightas no triangles at all.

two networks might remain similar, all three of the above gloal properties will di er
substantially.

The local network structure can be conveniently describeditlu the help of its
small induced and non-induced subgraphs. A subgraph(V%E9 of a graphG(V; E)
is calledinduced if 8(u;v) 2 V°: (u;v) 2 E implies (u;Vv) 2 E°, otherwise it is called
non-induced A motif is a small non-induced subgraph of the network which occuns i
it signi cantly more often than in the random null-model network of the same size as
data (32; 33; 34). Note that the de nition of motif strongly depends on the random
null-model network chosen in particular study. Usually, snple Erdos-Renyi random
graphs are used as such models. Miket al. (33) used motifs to classify di erent
networks into the super families based on the patterns of mbioccurrences in them.
Motifs also have biological meaning in biological networkdor example, feed forward
loops in transcriptional regulation networks. For a comprgensive review on motifs
see (35).

However, since motifs are not induced subgraphs of the netko their ability to
capture important structural similarities between two netvorks is questionable. To
tackle this issue, Przuljet al. introduced the notion of agraphlet (20). A graphlet
is a small induced subgraph of a network. There are 30 possible non-isomorphic

graphlets on 2, 3, 4 and 5 nodes (Figure 1.4). To calculate arfa precise topological
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Figure 1.4: Automorphism orbits 0, 1, 2, . . . , 72 for the thiry 2-, 3-, 4-, and 5-node
graphlets Go,Gy, . . . ,Gag. In @ graphlet G;, i 2 f 0;1;:::299, nodes belonging to the

same orbit are of the same shade. This gure is taken from (36)

agreement between two networks (called \GDD agreement" ande ned below), we
need to calculate for each node in the network how many timestouches each of the
30 graphlets. From a topological point of view, it is relevanto distinguish between
automorphism orbitsof each graphlet. For example, in a 3-node path, the \end-neg"
are identical from the topological point of view (i.e., can b mapped to each other by
an automorphism anisomorphismof a graph with itself { see (36) for details), whereas
the \middle node" is di erent; therefore, a 3-node path haswo di erent automorphism
orbits. More precisely, an automorphism orbit in the graphs a set of nodes which
can be mapped onto each other by some of graph's automorphsmThere are 73

automorphism orbits for the 30 graphlets on 2 to 5 nodes (Fige 1.4).

Based on graphlets, it is possible to measure structural siarities between net-

works using Graphlet Degree Distribution (GDD) Agreementmeasure (36; 37). It

10



provides a detailed evaluation of structural similaritiesof large networks.A Graphlet
Degree Distribution (GDD) is a 73-component distribution of the automorphism or-
bits in a network. Its j component,d (k), is the sample distribution of the number
of nodes in the network touching a particular graphlet (at atomorphism orbit j) k
times. Graphlet degree distribution has the degree distriiion as its 1 component,
which corresponds to the only automorphism orbit of a 2-nodpath (edge). The
GDD Agreementis a similarity measure between graphlet degree distribuins of two
networks. It is a number between 0 and 1, meaning that two netwks have similar
GDDs if their GDD agreement is close to 1, and otherwise, theGDDs are di erent.
To calculate GDD-agreement between two network& and H we do the following
(36). First we calculate Graphlet Degree Distributions (GIDs) for G and H. Then

we scale both distributions ¢ (k) and di, (k)) as

sk = OIJG(k); sl = di (K). (1.3)
k k
Next, we normalize both distributions as following
2 S6(0 . iy = ShK),
Ng (k) = T Nj (k) = T (1.4)

where TS = ¢.; S(k). Obviously, starting from somek , all S(k) =0; 8k k ,
and therefore,T(j; and Tﬂ, are always nite for all j = 0;:::;72. After that, for each
orbit j, we de ne a distance between network& and H as
j 1R | 16712y 5
D'(G;H) = P—é( (Ng(k) Ny (k)7)z: (1.5)
k=1
It is easy to show that such de nedD! (G;H) is always 1.
Finally, we put AI(G;H)=1 DI(G;H) and GDD-agreement between two net-

works G and H is

A(G;H) = ix

Al(G;H): (1.6)

11



It is important to note that graphlet degree distribution measures the local struc-
ture of the network, because it is based on small local neigitinoods of its nodes. It is
especially a very strong measure of structural similariteebetween two small-world net-
works (those with small average pathlengths), since in thesietworks, 5-node graphlets
reach far enough in the network. Hence, since PPl networks Ve small diameters,

GDD is good for measuring their structure.

1.3.3 Commonly used network models
Erdos-Renyi random graphs

Erdos-Renyi random graphs were rst extensively studied byaul Erdos and Al-
fred Renyi in 1959 (19). Commonly denoted a&(n;p), an Erdos-Renyi random
graph (sometimes called a \random graph" or a \Bernoulli random gaph") is a graph
G(V; E) such that the set of noded/ is xed and for every possible pairg;v) 2V V

we add an edgel; v) to the edge setE with the probability p, independent from other

edges.

As it follows from the de nition, a random graph G(n; p) has approximatelym =

”(”—zl)p edges. Also, it is easy to see that an average degree of a nodan Erdos-
Renyi random graphisz = p(n 1) = O(pn). If the number of edgesm, is relatively
small, the graph will be disconnected and have many small coected components.

More precisely, ifm then the graph will have many connected components. Once

er
m > 2, the connected components begin to merge into one giant ca&med component
with O(n) nodes. The second largest connected component will hab€log(n)) nodes.
Clearly, asp (and m) grows the graph becomes more and more connected. For any

nodev 2 V the probability that it has k neighbors (degre) is

P(degv)= k)= Cy ,p‘0 p" * (1.7)

12



Hence, in the limit of largen, these graphs have Poisson degree distribution

Zke .

P(degv) = k)= —

(1.8)

Erdos-Renyi random graphs have small average pathlengthadcadiameters. For
random graphsG(n; p) their average pathlength and diameter scales dﬁg as it is

observed in many real world networks.

Many real world networks also have high average clusteringe cients. Since by
de nition, in the Erdos-Renyi model, the probability of two nodes to interact equalg
and does not depend on any other edges, its clustering coeetit also equals t@ which
is signi cantly smaller than in many real world networks. Hece, this model fails to
match most of the real world networks even according to thisraple characteristic.
However, this negative result itself is very important fronthe following point of view.
Since PPI networks are very di erent from Erdos-Renyi randm graphs, it is reasonable
to assume that their structure is not completely random and wlution did impose

important structural patterns in them which are worth of close investigation.

Erdos-Renyi is the earliest network model. Many of its propges have been charac-
terized asymptotically, in the limit of large n. That s, for a xed probability p, itis said
that almost all graphs have a propertyPr if the probability P(G(n;p) has Pr)! 1
whenn ! 1 . One of the main goals of the random graph theory is determimj
at which probability p almost all graphs will satisfy some property. Although Erds-
Renyi model is very simple and poorly re ects the propertie®f many real world
networks, it is still very important from the following point of view. As it follows from
the Sheremedi's regularity lemma, every graph can be welparoximated by the union
of a constant number of regular pairs (random-like bipartié graphs) (38). Therefore,
the existence of some property on random graphs can often ilyppts existence on

almost all graphs (39). Figure 1.5 presents an example of ErgtRenyi random graph.
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Figure 1.5: Erdos-Renyi random grapls(n; p). This graph hasn = 20 nodes,m = 100
edges andp is approximately 052

Scale-free model

A scale-free networks a network whose degree distributior? (k), follows apower-law
The most common form of power-law i® (x) = x¥+ o(x). For scale-free networks,
their degree distribution is usually written asP (k) = k  and the factor is usually
omitted and considered not important. Frequent values of observed in many real-
world networks are typically 2< < 3. Networks whose degree distributions follow
a power-law got the name \scale-free" because power-law tdisution exhibits the
property of scale invariance. That is, rescaling the funain's argument changes only
the constant and preserves the shape of the distribution.

Initially, scale-free networks were rst described by DeteJ. de Solla Price in 1965
when he was studying the citation networks of scientic paps (5). The citation
network is modeled using a directed graph where nodes repessscienti ¢ papers and

an edge from nodea to node b means thata cites b. Price observed that both \in"
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and \out" degrees of these networks follow a power law and @siated the value of
to be between 2 and 3. He also proposed a mechanism of genagasuch networks,
known as \preferential attachment”, which can explain the jpwer law he observed in

the data.

Recently, because of the work by Barabasi and Albert (2), tle has been a lot of
interest in studying scale-free networks. In their work, Baabasi and Albert showed
that a part of WWW, power grid networks and some biological ngvorks all have
power law degree distributions. He and his collaboratorssal found that some social
and many other real world networks have this property. They mposed Barabasi-
Albert model (\B-A") which is similar to the \preferential a ttachment" mechanism
studied by Price for generating random networks with poweiv degree distributions.
In this model, the new nodes are added to the network one at arte and a new node is
connected withm other, already existing nodes, with the probability biasedn favor of
the highly connected nodes. That is, a new node is connectezidome existing node
with the probability p, = % Therefore, in this model, highly connected nodes
(or \hubs") become even more connected, and because of thais model is sometimes
called \rich gets richer". Scale-free degree distributiofas a signi cant e ect on the
network topology. Because of this degree distribution, theetwork usually has few
\hubs", nodes with very high degree, and most of the other nebrk's nodes have few
neighbors. This topology is \fault tolerant” in the sense tkat few random deletions
of nodes from the network should not have a big e ect on its corectivity. On the
other hand, this type of topology is vulnerable to the targetd attacks on network's
hubs. The B-A model has small average pathlength of aboq#%, which is also
consistent with many real world networks. The clustering a®cient distribution in

such networks also exhibit a power law distribution.

Many protein-protein interaction networks of several orgaisms were observed to

have a scale-free degree distribution. Figure 1.6 shows thegree distribution of the
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Figure 1.6: Degree distribution of the Human PPI network. Tle human PPI network
was downloaded from BioGRID. It has 7,930 nodes and 23,543ged. (A): Degree
distribution of the human PPI network. x axis is a degree of the nodes and axis
is P (k), the number of nodes with degre&. (B): log-log plot of (A). The straight line
with the slope= 2:1 is the best linear t to the log-log scaled data; suggestinthat

the right tail of data distribution obeys power law with = 2:1.

human PPI network downloaded from BioGRID (40). However, foseveral reasons,
scale-free model is still not good enough for modeling PPItm@rks. First, the degree
distribution is a very general property and many networks aa have almost the same
degree distributions, but vastly di erent local structures. Second, all PPl datasets
available today (2009) are both noisy and incomplete and itds been shown that
sampling from a scale-free network should not produce scditee sub networks (41;
42). Also, ner models for PPI networks, in particular, georetric random graphs (20),

were proposed.

Stickiness-based index models

Higham and Przulj introduced a \stickiness index"-based mael to better model

protein-protein interaction networks (21). This model is notivated by the following
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two biologically valid assumptions:

1. Having a high degree implies that a protein has many bindindomains and/or

its binding domains are commonly involved in interactions.

2. A pair of proteins is more likely to interact if they both have high stickiness
indices, and correspondingly less likely to interact if oner both have a low

stickiness index.

The stickiness indexof a nodei is its normalized degree

) (1.9)

" jav(e) ded()
Nodes with high stickiness indices mimic proteins with mangomplimentary physical

aspects (binding domains). Given the underlying degree orimation, tting a stick-
iness model produces better results than simply choosing agtee-matching graph

uniformly at random (21).

1.3.4 Geometric graphs
Background

The geometric random graph model for studying biological heorks was rst intro-

duced by Przulj et al. in the context of PPI networks (20). The intuition can be
described as follows. Proteins form interactions with eaabther based on their bio-
chemical properties. Mathematically, we can consider thegroperties to correspond
to the dimensions of some abstract metric space. TherefoePl networks reside in
some biochemical space with nite number of dimensions. Quntly, it is hard even

to hypothesize about the nature or dimensionality of that spce, however in previ-
ous work (20; 36; 43; 44), using various mathematical and cpmotational techniques,
we have shown that PPl networks are well modeled by low dimepsal geometric
random graphs(45). In a geometric random graph, nodes correspond to pointis-

tributed uniformly at random in a metric space and edges exibetween nodes that
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are within a chosen distance according to a chosen distance norm. Thus, geometric
random graphs are a versatile graph family, since they can lbenstructed using di er-
ent metric spaces, distance norms, and distance parametdiany of their properties
can be proved theoretically (45). We choose low-dimensidrtauclidean boxes and the
Euclidean distance norm to construct geometric random grés with the number of
nodes equal to that of a PPl network; we chosethat makes the number of edges in

the geometric graph equal to the number of edges in the PPI matbrk.

Basic properties

It is well known that geometric random graphs constructed uisg 2-dimensional Eu-
clidean space cannot contain certain types of induced bigae subgraphs that appear
to be abundant in the currently available PPI networks (45; 8). However, increasing
the dimensionality of the Euclidean space makes more subghes possible, in particu-
lar, K .3, the complete bipartite graph based on two independent sets two and three

nodes is possible in three dimensions. Note that there is abicoming from experimen-
tal \spoke" model used for detecting protein interactions 28) which will necessarily
introduce small bipartite graphs containing false positigs in the data. Also, nothing

prevents geometric graphs from being scale-free (47).

Embedding algorithm

The random geometric graph model matches PPI networks in ters of various global
and local network properties such as pathlengths, clusteg coe cients, relative graphlet
frequency distance (20), and graphlet degree distributio(86). Higham et al. have
also designed an algorithm to test directly whether PPI netarks are geometric by
embedding them into a low dimensional Euclidean space (43)he algorithm is based
on Multi-Dimensional Scaling (48), with pathlengths playng the role of Euclidean

distances. Conceptually, this algorithm consists of the lowing steps:
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8 pairs of nodesi;j 2 V, calculate the shortest path distances between them,

ds(i;j ). Then choose a cuto valueK and de ne the matrix of pairwise distances
q_

using the formula: d(i;j )= dg(i;j) 1 dg(i;j) K otherwised(i;j) = Kmax,

for someK ax -

Construct matrix A using double-centering process:

X 11X 11X X
A

k=1 k=1 k=1 1=1

1
aj = é(dﬁ d%) (1.10)

It can be shown thatA has a Schur decomposition and therefore, the resulting
embedding into the m-dimensional space is then speci ed by the eigenvectors
of A, corresponding to them largest eigenvalues. That is, for each protein
it's coordinates in the m-dimensional Euclidean space are then equal to theh

coordinates of the rst m eigenvectorsvy;:::; vy, of the matrix A. (m n)

It should be noted that in the case of Euclidean distanced(i;j ) the double-
centering matrix A is a positive semi-de nite. However, when distanced(i;j ) are
pathlength distances in the graph as de ned above, the maiiA is not necessarily
positive semi-de nite and can have negative eigenvalues. oiever, on practice, for
geometric graphs and for graphs which are well modeled by geetric random graphs,
the absolute values of matrixA negative eigenvalues are relatively small (compared to
its positive eigenvalues) and therefore they and their casponding eigenvectors can
be ignored to provide a reasonable approximation.

The embedding is \successful" if it assigns to nodes of a netk a set of points
in space such that adjacent nodes in the network correspond points that are close
in space, whereas non-adjacent nodes correspond to poirtsittare further away in
space. Highamet al. applied this algorithm on 19 PPI networks of various organias
that were produced by a range of biological techniques withaxious con dence levels.

The algorithm successfully embedded these networks into aw-dimensional space,
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Figure 1.7: An example of embedding &accharomyces cerevisiagyeast) PPI net-
work (presented in Figure 1.1) into 3-dimensional Euclideacube. This is the largest

connected component consisting of 1,004 nodes of the higm dence yeast network

reported in (17).

thus supporting the hypothesis that PPI networks are geomat (43). Figure 1.7
provides an example output of the embedding algorithm | poirts in the 3-dimensional

Euclidean unit cube corresponding to nodes of the yeast PPé&twork shown on Figure

1.1.
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1.4 Thesis Overview: Applications of geometric graph
model

The rest of this thesis is organized as following. In Chapte2 we introduce a new
trained geometric modelwhich is capable to utilize currently available high-quaty
parts of PPl networks and learn their structure to generate étter tting models for
PPI networks. The results from Chapter 2 were presented anduplished in the Pro-
ceedings of the Pacic Symposium on Biocomputing (PSB) 200&s \Learning the
structure of protein-protein interaction networks" by Oleksii Kuchaiev and Natasa
Prulj. Further, because of their superior t to PPI networ ks and mathematical con-
venience, in Chapter 3 we use geometric graphs to propose #&oaithm for de-noising
the existing PPI datasets by predicting false positives inhte data and predicting new
interactions. The results described in the Chapter 3 are fro the article by Oleksii
Kuchaiev, Marija Rasajski, Desmond J. Higham, and NatssaPrzulj (2009) \Geomet-
ric de-noising of protein-protein interaction networks"PLoS Computational Biology

5(8): €1000454.
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Chapter 2

Learning the structure of networks

The work presented in this chapter has been published as: ®b# Kuchaiev and
Natasa Prulj \Learning the structure of protein-protein interaction networks", Pro-

ceedings of the Paci ¢ Symposium on Biocomputing (PSB) 2009

2.1 Trained geometric model

It is important to distinguish between two conceptually di erent types of network
models to which we refer as \descriptive" and \network-drien” models. The \de-
scriptive” models describe general properties of all netws of the particular type
(i.e. PPI networks). For example, scale-free model reprodes the power-law degree
distribution (regardless of the value of in the power law function) which was ob-
served in many (though not all) PPI data sets. The \network-diven" models, in
contrast, try to model a particular network instance as well as possible. For exam-
ple, stickiness-index-based model (21) and Erdos-Renyndom graphs with the same
degree distribution as data require garticular network example and then try to re-
produce its structure. Network-driven models are expecteh t a particular network
example better then descriptive ones, given that approprie training is provided.

Also such \network-driven" models can be applied to model mworks from di erent
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domains.

Our new trained geometric modelis based on our new network embedding algo-
rithm, that embeds networks in low-dimensional space, andio previous observations
that geometric random graphs provide a good model for PPl ngorks. Using geo-
metric graph concept, this model reduces the problem of cdnscting a well- tting
model for PPI networks to a standard machine learning probie of density estimation.
Thus, instead of trying to reproduce some of the network pragties observed in the
currently available PPI datasets, it utilizes only high-quality parts of these datasets
to learn their structure and uses this learned knowledge toegerate model instances

with arbitrary numbers of nodes and edges.

In this model, henceforth calledrained geometric modelwe do not distribute nodes
in a metric space uniformly at random (like in usual geometrirandom graph). Instead,
this model uses available high-quality parts of real world IPI networks to learn this
distribution of points in the low-dimensional Euclidean mg&ic space. Having learned
this distribution ( pearned ), it can then be used to generate model network instances of
arbitrary size by distributing points in the space accordig to this learned distribution

Pearned @nd connecting two nodes by an edge if they are close enoughspace.

Hence, the crucial aspect of this model is the probabilistidistribution pPearned s
which is used to sample nodes in the metric space. To learnghdistribution, we need
to have the metric space and an example distribution of poistin it that corresponds
to real PPI data. Currently, it is hard even to hypothesize abut the nature or
dimensionality of space in which PPl networks reside. Thuss a proof of concept,
we choose 3-dimensional Euclidean unit cube as our metricasp and the Euclidean
metric as distance function. However, all of the techniquedescribed below could be
easily applied to any number of dimensions. Since real PPI ta®rks contain only
the connectivity information between the nodes, we need adenique that takes this

information and embeds the network nodes into a metric spase that the topological
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structure of the network is preserved when viewed as a geometgraph constructed
from the embedded nodes. That is, the spatial proximity of ta nodes will correspond
to the PPI network connectivity information as in a geometrc random graph. For
this purpose, we use the embedding algorithm introduced byi¢ham et al.(43) and
described in Section 1.3.4.

Next, we model the distribution of the points in the space as Blixture of Gaussians
and learn the required parameters using Expectation-Maxiimation (EM) algorithm
(49). Mixture of Gaussians allows properties of complex digutions to be captured,
and it allows easy sampling via the ancestral sampling teclyue(49). The details are

presented below.

2.1.1 Training stage

To learn the distribution pieaned We need to have a learning se eaming Of 3-dimensional
coordinates ofn nodes in the Euclidean unit cube. These coordinates are thatput
of the embedding algorithm described in Section 1.3.4 apgli to the PPI network
data that we wish to use for learning. To model the probabilit density piearmed Of the
distribution of points in the space, we use a Mixture of Gaugas model (49):

Xj 2
Prearned (X) = kN (X; Ky Kk
k=1

It is a linear combination of multi-dimensional (in our case3 dimensional) Gaus-
sian distributions. Coe cients ;k =1;:::;d, represent a marginal distributionp(z)
(F> d r=1and8k: (2 [0;1]) over a latentd-dimensional binary variablez, which
has \1-of-d" representation (a particular coordinatezy is equal to 1 while the rest are
equal to 0). This hidden variable indicates what mixture component explains a par-
ticular data point x; that is p(xjzx =1) = N(x; «; 2). The parameters to be learned

from the data are: , ¢ and 2 for k = 1;:::;d. The number of mixturesd, is a pa-

rameter which we do not learn, but choose manually to contrahe complexity of the
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model. We use Expectation-Maximization (EM) algorithm to earn the parameters of
this Gaussian Mixture model (49).

As in many machine learning problems, more complex modelslivalways explain
the learning data better then more simple ones, but too comgk models might result
in over- tting and, as a result, will perform badly in the modeling stage. Thus, we
need to chooseal big enough to t the learning data well and small enough to avd
over tting and other possible issues, such as singularigein the covariance matrices

2,

For these purposes we use Bayesian Information Criterion (8). During our ex-
periments, we found that for our particular case, standard B does not penalize the
model for its complexity strongly enough; therefore, we imease the penalty for having
more parameters two times and use the formul&IC = log(p(Xj )) MIlogN. Here,
X is our learning set,log(p(Xj )) is a log-likelihood function, is the parameters we
learn (i.,e. , 2 and ), M is number of free parameters in the model (size o},
and N is a size of the learning set. By choosing di erent numbers afixtures for our
model (choosing di erent values ofl) we vary the number of free parameterM of the
model, which in our case equalsl = m?+ m+(d 1) (m+ m?+1), where m is the
dimensionality of the space we used for the embedding (m=3 all our experiments).
According to this criterion, we need to choose the model whichas the highest value

of BIC (49).

2.1.2 Modeling stage

After the model has learned the density functionpeameq (X), it could be used for
generating model network instances of arbitrary size. Suppe that we want to gen-
erate a network Net = (V;E) with jVj = n and JEj = m. We use anancestral
sampling technique to sample from distribution piearneq (X) Which can be written as

Pearned (X) = P(Xjz) p(z), where marginal distribution p(z) is given by the coe cients
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«, the conditional distribution of x given z is p(xjz) = N(x; «; £) and to sample
n nodes frompeaned (X) We repeat the following two consecutive steps times: 1)
sample the value ofz from ( ;:::; ), 2) sample 3-dimensional coordinates of point
x; from Gaussian distributionp(xjzc = 1) = N(X; «; 2)-

After this sampling procedure, we haven points in 3-dimensional Euclidean unit
cube distributed according to the densitypieamed (X). Next, we adjust the value of
parameter to obtain exactly m pairs of nodes with distances between them not
greater then . Then, we connect thesen pairs of the nodes by edges and obtain a

model network of the required size.

2.2 Application to PPI networks of di erent species

2.2.1 Datasets and Learning

We apply the above described approach to model PPI network$ yeast and human.
These two particular species have been chosen because costh#o other eukaryotic
species, they have the most complete and accurate PPI netkatata available. For our
learning set (henceforth denoted aSieaming ), We use the largest connected component
of the high con dence yeast network described in the study bgollins et al(17). This
part of the yeastS. cerevisiaePPI network is believed to be of quality comparable to
the data produced by small-scale experiments. It has Q04 nodes and 823 edges.
Table 1 presents real-world PPl networks that we modeled usj our trained geo-
metric model. All these networks contain only physical intexctions between proteins.
Using the notation from Table 1, note thatSiearming YCH YCOL; thatis, YCH is
a high con dence part of the YCOL andSicaming is the largest connected component

of the YCH PPI network.

As described in section 2.1.1, we emb&8kamning iNto a 3-dimensional cube using

the embedding algorithm. After that, we have 3-dimensionatoordinates of the 1004
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Table 2.1: Real-world PPI networks used to evaluate the penfmance of the trained

geometric model.
Network Nodes Edges Origin

YCH 1622 9074 high con dence yeast PPl network from Colling al.(17)
YCOL 2390 16127 yeast PPI network from Collins et al.(17)

YBG 4716 32747 vyeast PPl network from BIOGRID(40)

HBG 7930 23543 human PPI network from BIOGRID(40)

HRAD 9141 42456 human PPI network from Radivojac et al.(50)

nodes ofSiaming PPI network; we present these coordinates iX eaming » @ 3 1004
matrix, and use X eaming t0 learn the distribution pieamed (X). We got the highest value
of the BIC for 7 mixture components in the model and thereforeve putd = 7 in the

distribution Prearned (X).

2.2.2 Analysis

As we discussed in the introduction chapter, one of the moshportant network prop-
erties is degree distribution. We compare the degree didititions of two networks
using Pearson correlation coe cient. This coe cient ranges from 1 to 1: if it is
close to 1 or 1, then there is a perfect linear correlation between two drsbutions
(where nodes are ordered according to their degrees), and i close to 0, then there
is no linear correlation. We measure this correlation, nothie di erence between two
distributions, such as sum of squared errors, because thdtda is strongly a ected
by the amount of noise in PPI network, while the correlation btween two distribu-
tions might be preserved even when some edges are missingséfanegatives) or are
mistakingly present (false positives). Figure 2.1 preseswalues of Pearson correlation

coe cients between degree distributions of real PPI and moel networks.
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Table 2.2: Models used to model PPI networks.
Network Model

ER Erdes-Renyi random graph model(19)
ER_.DD ER model with the same degree distribution as in data
GEO Geometric random graph model(20)
SF Scale-free Barabasi-Albert preferential attachment nul(2)
STICKY Stickiness-index-based model(21)

TGEO The new trained geometric model

Note that by construction, ER_.DD model networks have exactly the same degree
distribution as real PPI networks and therefore, their Peason correlation coe cients
with the PPl networks always equal to 1. It has been observedhat PPl networks
have power-law degree distributions (2), which gave rise tpopularity of scale-free
network models. However, as we can see in Figure 2.1, SF preiéial attachment
model badly captures the degree distribution of the PPI netark data compared to
our new model, which has learned and captured the degree distition from the part
of real-world PPl network very well. As we can see in Figure 2. the new model
signi cantly outperforms any other model in all cases. Noté¢hat we used only high
quality part of yeast PPl network for learning, but this allowed us to generate better

model networks for human as well as for yeast.

As illustrated in Figures 2.2 and 2.3, the trained geometri¢TGEO) model is
better tting in all cases, except one, than the standard gemetric random graph
model (GEO). For BIOGRID(40) and Radivojac et al. data sets§0), GEO and TGEO
models perform worse then other models. As described in sent1.3.2, this is likely
caused by incompleteness and noise in the data. By incomm@aess we do not mean the

number of nodes (proteins) in the network (although this islao an issue), but presence
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Figure 2.1: Pearson correlation coe cients of degree disbutions between real PPI
and model networks. Horizontal axis corresponds to the reRIPI networks described
in Table 1 and dierent labels correspond to di erent model rtworks described in

Table 2.

or absence of real interactions among given nodes. Obviguskal yeast PPI network
has some xed diameter and clustering coe cient, which we aanot measure now due
to high noise levels in the data. Yeast networks coming from drent sources (such as
Collins et al.(17) and BIOGRID(40)) have substantially di erent clustering coe cients
and diameters (YCOL has the clustering coe cient of 0.44 andhe diameter of 4.81,
whereas YBG has the clustering coe cient of 0.19 and the diagter of 3.71). Thus,
these two characteristics at the moment can not tell us muchbaut the real structure

of a PPI network.

Although global network properties are important, they midnt not capture the local
structure of networks and are are also very sensitive to higavels of noise. Therefore,
we are more interested in a more structurally constraining easure of network similar-
ity, the GDD agreement(36). Figure 2.4 presents GDD agreemts between real PPI

and model networks. It shows that our new trained geometric adel (TGEO) ts all
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Figure 2.2: Di erences in clustering coe cients of data andnodel networks. Horizon-
tal axis corresponds to the real PPI networks described in Bée 1 and di erent labels

corresponds to di erent model networks described in Table. 2

but one PPI network better than other models; the exceptionsi yeast PPl network
taken from BIOGRID(40), for which TGEO performs almost the ame as STICKY
model, but it captures the degree distribution much better hen STICKY model (see
Figure 2.1). Surprisingly, learning network structure fron yeast PPI data gives better
modeling insights into modeling human PPI networks than dotber network models.
This suggests that PPl networks of even such distant orgams as yeast and human

exhibit similarities in their structures.
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Figure 2.3: Di erences in diameters of data and model netwks. Horizontal axis cor-
responds to the real PPl networks described in Table 1 and dérent labels correspond

to di erent model networks described in Table 2.
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Figure 2.4: GDD-agreement between the data and model netwst Horizontal axis
corresponds to the real PPI networks described in Table 1 ardi erent labels corre-

spond to di erent model networks described in Table 2.
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Chapter 3

Geometric de-noising of PPI

networks

The work presented in this chapter has been published as: & Kuchaiev, Marija
Rasajski, Desmond J. Higham, and Natessa Przulj (2009)\Geometric de-noising of

protein-protein interaction networks" PLoS Computational Biology 5(8): €1000454.

3.1 Introduction

Other than their superior t to high-quality PPI networks wh en compared with other
network models, geometric graphs can be used as a convenientthematical frame-
work for dealing with one of the biggest challenges in PPI nsbrks research | huge
levels on noise and incompleteness. In this chapter, we masour new algorithm for
predicting new interactions and detecting false positiveniPPI networks (51).

Real PPI networks are not connected, but they usually have enargest connected
component, which includes most (about 90%) of the network'sodes and edges. For
example, the human PPI network obtained from BioGRID (versin 2.0.35) (40) has
7,930 proteins with 7,513 of them (94%) belonging to the laegt connected compo-

nent. Since embedding disconnected components of a graptoispace may result in
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meaningless spatial overlap, our algorithm can be appliedly to the largest connected
component of the network. Intuitively, it is di cult to see h ow any algorithm that
uses PPI data alone could infer links between members of disoected components.
Hence, in particular, we are not aiming to predict new interetions between members
of disconnected components.

We embed the largest connected component of a PPl network antow dimen-
sional space, and compute spatial distances between the edted nodes. Some
nodes are very close in the projection space compared to theeeage distance be-
tween pairs of nodes that are recorded as interacting (trueogitives obtained from the
high-con dence data set). Also, some nodes are far apart cpared to the average
distance between pairs of nodes that are known, with a certaicon dence, not to
interact (true negatives). Pairs of nodes that are unusuallclose to each other, but
are not connected in the PPI network, are good candidates féalse negatives. On the
other hand, pairs of nodes that are connected in the PPI netwk but are unusually
far apart in the embedding space, are strong candidates fals$e positives. These are

the principles on which we develop our algorithm.

3.2 De-noising procedure

Our de-noising approach exploits the fact that high qualityPPl networks are well
modeled by geometric graphs(20; 36; 43). The basic versiohonr de-noising proce-
dure consists of the following steps:

Algorithm 1

1 Embed a PPI network into Euclidean space of dimensian 2.
2 Choose a threshold.

3 Find all \non-edges" (pairs of nodes corresponding to preins that are not in-

teracting in the PPl network) with Euclidean distance betwen their embedding
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points . These are our new predicted PPIs (edges).

This procedure may be iterated in the sense that we can add opredictions to
the network and re-embed to produce new predictions. In allo experiments for any
dimension, this process converged after very few iteratien We used this procedure
to test our approach on the high-quality yeast PPI network (se Section 3.4).

For real applications, when the quality of the input networkis questionable, we use
a slightly modi ed procedure in which rather than strictly classifying pairs of nodes
into edges (interaction) and non-edges, we assign con denscores to them re ecting
the likelihood for the pairs of nodes to interact. In this maner, we learn the following
two probability density functions from the data: p(distjedgg and p(distjnonedge,
wherep(distjedgg is the probability density function which describes the ditribution
of distances between pairs of proteins which are known to eract (i.e., form edges in
the input PPI networks) and p(distjnonedg¢ is the probability density function which
describes the distribution of distances between pairs ofgieins which are not interact-
ing (non-edges in the input PPI network). We learnp(distjedgg and p(distjnonedge
from the data given by the embedding step (see Figure 3.1 A af). These densities
are modeled as mixtures of three Gaussians and all parametere learned from the
data using the Expectation Maximization algorithm (49):

X3

p(distiedgd = exN(dist; ex; 2,): (3.1)

k=1

The density of the distribution p(distjinonedge@ is computed using formula 3.2
below over all pairs of proteins for which interaction is noknown to exist. Note
that since the fraction of the real interaction is orders of rgnitude lower than the
possible number of protein pairs in the network (52), unknow interactions will not
have signi cant e ect on this density

p(distjnonedg@ = akN(dist; i 2): (3.2)
k=1
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These are the linear combinations of three Gaussian disttibons with means
and variances 3, for edges and ,x and 2, for non edges. The numbers of mixtures
in models 3.1 and 3.2 were selected to be 3, since we obseryet the histograms
corresponding to the densitiep(distjedgg and p(distjinonedg¢ had not more than 3
modes in all of our experiments.

Note that both distributions presented in Figure 3.1 A and B & bi-modal. There-
fore, posteriorsp(edgegdist) and p(nonedggdist) will also be bi-modal (see Figure A.1
and Figure A.2). This low modality comes comes from the facthat these PPI net-
works are well modeled even by 2-dimensional geometric ramd graphs. Intuitively,
the smaller the distance between two proteins, the higher ¢hlikelihood for them to
interact. This is re ected by con dence scores (formula 3)3 which take into account
p(edgedist) and p(nonedggdist) simultaneously and monotonically increase when dis-
tance between two proteins decreases (Figure A.3).

Our modi ed procedure may be summarized as follows:

Algorithm 2

1 Embed PPI network into Euclidean space of dimension 2.

2 Learn probabilistic densitiesp(distjedgg and p(distjinonedgé@ from coordinates

of node embedding points in the space.
3 Choose some threshold.

4 For each pair of nodes with distance  compute its con dence score@S).

The con dence score for the pair of nodes;( ) is computed as

p(edgdi; | )jdist(i;] )) .
p(edgdi;j )jdist(i;j )) + p(nonedgéi;j )jdist(i;j))’

CS(i;j) = (3.3)

wheredist(i; ) is the distance between points corresponding to nodesnd j in the
embedding andedgdi;j ) = 1if (i;j ) is an edge in the PPI network anchonedgéi;j ) =

1 edg€i;j ). This score is proportional to the likelihood of a pair of ndes to form an
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edge if all noise that prevents the current PPl network from bing a geometric graph
is removed.

Using Bayes' rule we compute posterior densitiggedgedist) and p(nonedgegdist):

. .. .. _ Pp(distjedggP (edgg
p(edgedist) = o(disD) (3.4)
... .. _ p(distjnonedg@P (nonedgg
p(nonedggdist) = o(disD) (3.5)

where P (edgg is a prior belief about what fraction of pairs of nodes in thePPI
network are true interactions (edges). One can choose di@mt priors to re ect existing
knowledge about the density of a particular PPI network. We @mpute P (nonedg¢ as
P(nonedggé =1 P(edg9g. The fraction of real edges among all possible node pairs
in real PPI networks is very small. For example, it is estimaid that among about
6,000 proteins in the yeasS.cerevisiag there are only 30,000-75,000 interactions (53;
54; 52), which is a small portion of the maximum possible totaf 17 1CP. The
human PPI network is estimated to have 154,000-369,000 indetions among 20,000
- 25,000 proteins (52). Thus, in realityP (edgé is very small, which helps us avoid
many false positives in the network. We do not need to knoy(dist), since it can be
treated as a normalization constant.

The parameter prevents us from assigning con dence scores (CS) to the pair
of nodes that are very far apart and thus are very unlikely tonteract. Algorithm 2
could be reduced to Algorithm 1 by choosing an appropriate nalence score threshold

value.

3.3 Datasets

We use two dierent datasets, one to test our approach and thether to provide
a practical application of our method. Since the yeast PPl me&ork described by
Collins et al.(17) is believed to be of high con dence, we use it to test ouparoach.

The high con dence part of this network consists of 9,074 ietactions amongst 1,622
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proteins and it is not connected. We take its largest conneati component (henceforth
denoted by \Yhigh") which has 8,323 interactions between 004 proteins. We use low
con dence edges of this network to verify our predictions,.e., we try to \predict"
these low con dence interactions. That is, by true positivewe mean an edge that
is predicted by our method and present in the full network desibed by Collins et
al.(17). Analogously, a true negative is a pair of nodes preded by our method not
to interact that does not correspond to any edge in the Collmet al. network (17).
For application purposes, we use the human PPI network dowsdded from Bi-
oGRID (version 2.0.35), which consists of 23,543 interaotis amongst 7,930 proteins.
In our analysis, we considered only physical interactionsom BioGRID detected by
one (or several) of the experimental methods presented infdla A.1. We consider only
the largest connected component of this network, which camihs 23,372 interactions

amongst 7,513 proteins (henceforth denoted by \HumanBG").

3.4 Testing on yeast PPl network

In Figure 3.1 A, we present probability density functiong(distjedgg and p(distjinonedge
learned from the data given by embedding of \Yhigh" into 5 dinensional Euclidean
space. This gure shows that a huge fraction of edges corresyl to very close pairs of
points in space (a peak very close 0) and most of the non-edgesrespond to pairs of
nodes with distances about 0.7 between them. This di erendeetween the functions
p(distjedgg and p(distjinonedg@ justi es the procedures described in the Section 3.2
to classify pairs of nodes into edges and non-edges based loa distances between
them in the embedding.

Our experiments suggest that the choice of dimension is notucial here. The
crucial fact we exploit is that PPl networks are well modeledby low dimensional
geometric graphs and the actual value of dimensionality @. 3 or 10) does not change

the results much.
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Figure 3.1: Probability density functions p(distjedge and p(distjnonedgé learned
from embedding the largest connected components of the @lling PPI networks into
5-dimensional Euclidean spacefA) the yeastS. cerevisiaehigh con dence PPI net-
work (17) (\Yhigh"); (B) the human PPI network from BioGRID (version 20:35)
(40) \HumanBG"). The x axis represents the values of the Euclidean distances be-
tween pairs of nodes in the embedding; the axis represents the values of probability

density functions.

To validate our basic approach, we rst test the 2-class claser performance of
Algorithm 1 (see Section 3.2) using a standard ROC curve awais. These ROC
curves, which are presented in Figure 3.2 for di erent embeéhg space dimensions,
were constructed by varying from 0 to the maximum distance between the points
in the corresponding embedding space. ROC curves depictatdle trade-o s between
bene ts and costs. For each, we compute TP (true positives), FP (false positives),
TN (true negatives), FN (false negatives), where TP denotdse intersection between
the predicted and the low con dence edges, FP denotes the gieted edges which are
not in the set of low con dence edges, TN denotes the edges trae neither in the
set of predicted edges nor in the set of low con dence edgesda-N stands for the
edges which are not predicted, but are present in the set ofdlacon dence edges. For
the graph of the ROC curve, the horizontal axis is de ned as 1 speci city (or false
positive rate), that is, 1 - TN/(TN + FP), and the vertical axi s is de ned assensitivity

(true positive rate), TP/(TP + FN).
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Figure 3.2: ROC curves measuring the accuracy of de-noisipgocedure when ap-
plied to \Yhigh" PPl network using embedding space dimensias of 2 to 7. x axis
is 1 specicity and y axis is sensitivity. Numbers in brackets correspond to the

numbers of true positives and false positives for a given thace cuto (TP,FP).

Furthermore, in Figure 3.3 we present precision versus rdlcanalysis, where preci-
sion=TP/(TP+FP) and recall=TP/(TP+FN). Note that since we test for presence of
interaction amongst all possible pairs of proteins in the fgest connected component,
the fraction of true positives (interactions) is orders of ragnitude lower than the frac-
tion of true negatives (non-interactions) (52). Thereforeif we predicted interactions
completely at random, we should expect less than 1 in 1000 afdraction predictions
to be correct, whereas the interaction prediction value (gcision) of our method can
be about 0.15 at a recall of about 0.35 (see Figure 3). Assumithe estimates of the
human PPI network having 154,000-369,000 interactions amg 20,000-25,000 pro-
teins (52) is correct, the recall of 0.35 would give us at |eta83,900 true interactions
(compared to currently available 23,543 human PPIs in BioGI®); in other words,
our method has the potential of predicting at least twice as any interactions as there

are currently available in BioGRID (at a precision of about $%).
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Figure 3.3: Precisionversus Recall curves for \Yhigh" PPI network for embedding

space dimensions of 2 to 7 axis is recall andy axis is precision.

For a given value of , nothing prevents us from adding our predictions to the
PPI network we started from and repeating our procedure. Wedve observed that
this iterative procedure always converges. For small valsef , it requires only few
iterations (about 10, depending on the network and the spacgimension used) to
converge. In Figure 3.4, we present two ROC curves for the esswhere we stopped
the procedure after the rst iteration and for the case wherdor each , we iterated
until convergence (embedding into space of dimension 4 isepented). As can be seen
from this gure, the ROC curve for the iterative procedure isonly slightly worse than
when we stopped the procedure after the rst iteration. Theefore, the approach is
stable not only in the sense that it converges in few iteratits, but also in the sense

that the accuracy loss is insigni cant during iterations.

To further demonstrate the performance of our approach we germ another exper-
iment that models the incompleteness of current PPI data set We take the \Yhigh"

network and remove 500, 1000, 2000 and 3000 edges and try tooker these edges
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Figure 3.4: The rst (blue) ROC curve shows the performancefdhe de-noising pro-
cedure applied to \Yhigh" PPI network using embedding spaceimension of 4. The
second (red) ROC curve shows the performance after iteratjnthe embedding and

de-noising procedures until convergencex axis is 1 specicity and y axis is sensi-

tivity.

using our procedure. The results, presented as ROC curvese ahown in the Figure

3.5.

These results are encouraging. For example, for dimensionof7 the embedding
space (see Figure 3.2), the area under the ROC curve is 0.9 awd can achieve
speci city of 85% and sensitivity of 90%. This correspondstthe false positive rate ()
=1 specificity =15% and false negative rate =1 sensitivity = 10%. Since we
are predicting low-con dence interactions from (17), ourrue FP and FN rates could
be a little higher that measured in this experiments. Howeve TAP and Y2H false
positive and negative rates are believed to be at about 64%&B0% correspondingly
(18). In the absence of further information, it is reasonablto assume that these rates

are approximately the same on all parts of the network, inclling its largest connected
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Figure 3.5: ROC curves for the experiments in which 500, 1002000 and 3000 edges
from \Yhigh" network were removed at random and then recovexd using the de-

noising procedure.x axis is 1 specicity and y axis is sensitivity.

component. Hence, for the largest connected component okthetwork our method

has signi cantly better FP and FN rates than these two expemental techniques.

3.5 Application to human PPI network

We apply our method to predict novel interactions and detecpossible false positives
in the human PPI network \HumanBG" (described in the subsedbn 3.3 ).

Using Algorithm 2 presented in section 3.2, we compute conesthce scores for all
possible pairs of proteins with Euclidean distance betweehe corresponding points in
the embedding being lower than @. Figure 3.1 B showg(distjedgg and p(distjnonedgé
in the case of embedding into the 5-dimensional space. Sittise overlap between these
two densities is small and most of the interacting protein ges have distances between

their corresponding points very close to 0, we can assign adence scores to the in-

42



teractions (existing and potential) in this PPl network. The value of 04 of was
chosen because, as illustrated in Figure 3.1 B, most node zavith embedding points
at distance Q4 or higher are non-edges. For other PPI datasets, a realistvalue for

may be di erent.

There are 2,838 edges (about 12% of all edges in the networkat correspond to
protein pairs with endpoints further away than 0.4 in the emledding. We refer to
these edges as our candidates for false positive PPIs. In tiidumanBG" network,
about 72% of interactions correspond protein pairs that sha at least one \cellular
localization" Gene Ontology (GO) term (55). Proteins with d erent cellular localiza-
tions are believed to be less likely to interact. We con rm tis by verifying that for our
false positive interaction candidates, this rate is about@%, which is less than that
of the entire PPI network. Hence, we suggest that the interéions predicted by our
method not to interact that do not share \cellular localizaion™ GO terms are strong

candidates for false positives (Table S7 on PLoS Computatial Biology website * ).

Next, we examine all possible pairs of nodes that were as®gncon dence scores
(CS) of 975 or higher. There are 1685 such pairs. Not surprisingly, most of them
(1;434) are edges in the \HumanBG" network. We refer to these edg as high con -
dence edges. The remaining 251 pairs of nodes w@ls 0:975 do not correspond to
edges in the \HumanBG" network and therefore, we consider &m as our high con -
dence predictions (presented in Table S1 on PLoS Computatial Biology website ).
The human PPI network from BioGRID is one of the most complet®PI| datasets for
human. However, to validate some of our predictions, we alsxamined human PPI
interactions from Human Protein Reference Database (HPRD{56). We validated
12 of our predictions (that we predicted using BioGRID) by mding them in HPRD.
Given a huge amount of possible protein pairs in the human PRietwork (about 28

million) such overlap between our predictions and HPRD is ¢ésemely unlikely to have

Lhttp://www.ploscompbiol.org/article/info:doi/10.137  1/journal.pcbi.1000454
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happened at random: our validation of 12 interactions is higy statistically signi cant
with the p-value of 7 10 8 (see appendix A.1 for details). Also, after we performed
all of these analyses, a new release of BioGRID (version 3@). was made available
for download and 5 of our predictions appeared in it; 4 of thes5 interactions were
present before in HPRD and 1 was a new interaction. Therefqoran total, 13 of our
predictions are validated by HPRD or the newest version of BGRID (version 2.0.50)
or by both of these databases (presented in Table A.2). Furéimore, our method
predicts that human proteins POP5 and POPL1 interact, which s supported by the
HPRD database; moreover, Krogaet al. (16) detected a physical interaction between
proteins POP5 and POP1 in yeast. Also, we predict that proteis CAR1 and MDH1
interact in human and these two proteins were found to intei@ in yeast using A nity

Capture-MS method (57).

Similar to the study by Yu and Finley (27), we investigate thebiological signi cance
of our PPI predictions using regular (not slim) GO terms and GG pathways; in
addition, we use a literature search and text mining tool. Fst, we examine how
many predicted interaction pairs share common Gene OntolpgGO) terms (55).
Since proteins that are involved in the same biological press and/or share the same
cellular localization are more likely to interact, this staistic can give us a better idea of
the quality of our predictions. Initially, we take into accaunt only those protein pairs
in which both proteins are annotated with at least one GO termignoring \root" GO
terms (GO:0008150 for biological process and GO:0005575 dellular component).
Among our 251 predictions, 92 protein pairs had at least 1 unaotated protein, thus
we had complete GO data only for 159 protein pairs. Out of thesprotein 159 pairs,
105 (66%) have at least 1 common GO term that corresponds toitddogical process," or
\cellular localization" (presented in Table A.3). The statistical signi cance, measured

as a p-value, of this result is 26 10 8 (see appendix A.1 for details).
GO terms that correspond to \cellular localization" could ke very general; many

44



proteins may share the same \cellular localization,” withat interacting. Thus, to

further investigate the biological signi cance of our pretttions we disregard from our
analysis GO terms related to \cellular localization” and casider only known GO
terms related to \biological process."” Out of our 251 high eodence predictions, this
restriction results in 129 protein pairs having both interators in the GO \biological

process" category. Out of these 129 pairs, 55 pairs have aase one such GO term in
common (presented in Table A.4). The statistical signi cage of this result (p-value)

is 4 10 8 (see appendix A.1 for details).

To further investigate the biological signi cance of our pedictions, we count how
many of our 251 predictions consist of proteins involved irhe same KEGG pathway
(58). As of March 2009, there were 205 pathways for human indlKEGG database.
The number of genes involved in the same pathway varies grgafrom 1 to 467,
with the average number of genes in the same pathway being 6&ngs. Yu and
Finley (27) found that for their high con dence scored datast of human protein
interactions (that they termed \HCS"), about 10% of the interactions belong to the
same KEGG pathway. We found that out of our 251 high con denceredictions, 26
(i.e., about 10%) correspond to pairs of proteins where botbroteins participate in
some of the KEGG pathways. Out of these 26 predicted interaons, 12 (i.e., about
46%) correspond to protein pairs participating in the same gthway (Table A.5).
Note however, that pathways have a \linear" structure in a PR network, i.e., they are
\stretched" along long paths of proteins between receptorand transcription factors.
Thus, the \end-nodes" of pathways (i.e., receptors at one drand transcription factors
at the other) can be far away in a PPI network (20). Since our ntkod for predicting
PPIs is based on the PPI network's spatial embedding that rigls on the proximity
of proteins along shortest paths in a PPI network, the \linedaty" of pathways in
PPI networks implies that our method is not geared towards pdicting interactions

belonging to the same pathway. Nevertheless, our successeréor predicting such

45



interactions is about 5%, which is particularly encouragig given the fact that only
about 10% of all PPIs in a PPI network belong to the same pathwa(27).

Finally, we use literature search and text mining service @Xplorer (59) to nd
out how often protein pairs that correspond to our high con @&nce predictions are
mentioned in the abstract of the same paper in PubMed. For 3Z our 251 predictions,

CiteXplorer found at least one article mentioning both progins simultaneously.

3.6 Comparison with other methods

High levels of inherent noise in experimental techniquesrfdetecting protein-protein
interactions has stimulated the development of computatimal techniques for assessing
their con dence levels and prediction of new interactionsin the realm of interaction
prediction, some approaches use only primary structure ofgteins, or protein domains
(24; 22; 60; 61; 23). Others exploit features such as messanBNA co-expression,
co-essentiality, and co-localization of proteins (25). Tére exist approaches that use
protein structure, functional annotation, co-localizaton information, etc. (26). These
computational techniques usually have better accuracy tmahigh-throughput experi-
ments. For example, PIPE (22) has sensitivity of 61% for detéing any yeast protein-
protein interaction with 89% speci city. However, computdional requirements for
this algorithm do not allow for large-scale computationalx@eriments (evaluating the
reliability of every possible link). Other approaches, sicas PreSPI (24), also have
good speci city of 73.20% and sensitivity of 96.77%. Table.B presents commonly
used methods for predicting protein interactions (24; 22;06 61; 23). Note that most
of them are sequence-based, or utilize information such amétional annotation. As
Table 3.1 shows, our method has higher sensitivity than metlls which utilize only
sequences (22; 24; 23). When additional information (sucts &unctional annotation,
biochemical properties of proteins, etc.) is available oédn methods might outperform

our approach. However, this additional information is avadable only for a limited set
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of proteins which signi cantly limits application of these methods. It is important to
note that our method does not need any particular knowladgebaut individual pro-
teins (even sequences) and therefore is a novel and indepamdsource of information

about PPI interactions.

There exist techniques that can be utilized to remove falseopitives from the ex-
isting data without predicting novel interactions (28; 27) Sometimes such approaches
are based on logistic regression and require several PPI a@aets originating from
di erent experiments; they are able to detect parts of PPl n&vorks of the highest
guality by using overlaps of the data sets. Although these ¢hniques can be used to
propose high quality PPIs, the completeness of the data stiemains an issue and can
be resolved only by combining multiple experimental datasg or by additional wet-
lab experiments. Since, at the time of writing this thesis,Here does not exist a gold
standard PPI network for any organism, it is hard to judge whth of the interactions
from those reported by these methods to be of low-con denceeatrue interactions
and which are false-positives. The same, is true for our mettl. Hence, we believe

that all computationally predicted false positives shoulde re-tested experimentally.

Similar to our method, there exists a technique for prediatig novel PPIs based on
the topology of a PPI network (62). However, that approach i®ased on a \maximal
clique" that potentially can lead to a higher rate of false psitives than that of the
\spoke model" (28). Finally, Chenet al. (29) devised a topology-based algorithm
called IRAP to detect false positives and false negatives yeast, y and worm. In their
work Chen et al. (29) focused only on Y2H-derived experimental datasets, wfeas
the \HumanBG" network in the focus of our study contains PPIsderived from all
possible techniques (available in BioGRID) used to detecthysical interactions (see
Table A.1). Also, unlike IRAP our method actually evaluatesthe reliability of every

possible link. For a review of the methods used for PPI netwks de-noising see (63).

Our method uses only PPI network topology for detecting bottfalse positives
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and false negatives (predicting novel interactions). Urke most of the methods for
detecting false positives, our algorithm does not requireegeral PPl datasets. Also,
unlike most methods for predicting novel interactions, it des not need any a priori
information about individual proteins, such as binding dorains, structure, function,

chemical properties, or sequence. On our testing set, we Ghieve speci city of 85%
and sensitivity of 90% (see ROC curves in Figure 3.2) and ourathod can be applied
to large-scale network experiments. This overall performae is better than that of
biological experimental techniques and is comparable to dh of Yu and Finley (27).

However, while Yu and Finley only assess con dence of the sfthg interactions, our
method is also capable of predicting novel ones (Table S7 oh.dS Computational

Biology website 2 ).

2http://www.ploscompbiol.org/article/info:doi/10.137  1/journal.pchi.1000454
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Table 3.1: Computational methods for predicting protein-potein interactions.

Method Sensitivity Speci city Input Comments
PreSPI (24) 7% 95% Learning set of protein se- Requires a learning set with interacting and
quence pairs known to be in- non-interacting protein pairs containing di er-
teracting or non-interacting. ent domains. Once the classi er is trained, then
Protein sequences for interac- it requires as input only protein sequences of
tion prediction. protein pairs for which interaction is being pre-
dicted. Applied to yeast.
Ma et al 91% 86% Training (i.e., learning) set Requires a training set with interacting and non-
(60) of protein sequence pairs interacting protein pairs. Requires Matlab seg-
known to be interacting or tool for getting protein biochemical properties.
non-interacting. Protein Once the classi er is trained, then it requires as
sequences for interaction input only protein sequences of protein pairs for
prediction. which interaction is being predicted. Applied to
yeast.
Lee et al 94% 97% For both proteins that we Application is limited only to protein pairs with
(61) are checking for interaction: known functional and localization annotations.
1) Functional category; 2) Applied to yeast.
Co-localization; 3) Topology
within PPI network.
PIPE (22) 61% 89% Protein sequences. Reported to be weak for detecting novel interac-
tions among genome wide large-scale data sets
(22). Applied to yeast.
Chen and Liu 78%, 77%, 37%, 65%, Training (i.e., learning) set Requires a training set with interacting and non-
(23) 79% 62% of protein sequence pairs interacting protein pairs. It is a protein domain-
known to be interacting or based approach. It uses one of the following
non-interacting. Protein three types of classiers: a) Decision tree, b)
sequences  for interaction Neural network c) MLE. This is why three val-
prediction. ues are reported for sensitivity and speci city,
respectively. Applied to yeast.
Our 90% 85% Protein-protein interaction Based solely on PPI network topology. Does
Method network. not require any knowledge about particular pro-
teins. Is it generally applicable to any organism.
The eld \Method" refers to a particular method either by the method name or by the last names of its authors. Fields \Sensi tivity"
and \Speci city" contain values as reported by the authors o f particular methods. \Input" eld describes what kind of in put is

expected by the algorithm and \Comments" eld contains gene

ral comments about usage of the algorithm.
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Chapter 4

Conclusions

4.1 PPI networks modeling

Many network models have previously been introduced attertipg to capture speci c
sets of PPI network properties, or to mimic the way in which tlese networks might have
evolved. However, it is di cult to say to what extent particu lar network properties
really describe network structure. For example, it is easyotgenerate graphs of very
di erent local structures that have exactly the same degredistributions. Therefore,
network models should use all of the available real networkformation, i.e., the entire
network connectivity information, not only some of the netwrk properties, to learn the
structure of PPI networks. Using the new network embeddinglgorithm introduced by
Higham et al.(43) and previous work showing that geometric random graphmovide a
good model for PPI networks(20; 36; 43), we have reduced theoplem of constructing
a well- tting model for PPI networks to a standard machine larning problem of
density estimation. Our newtrained geometric modeluses parts of PPl networks of
high quality to learn the network structure and uses this leaned knowledge to generate
model networks with arbitrary numbers of nodes and edges. ©experiments show
that even if we use a learning PPl network from a simple eukamjyic organism (i.e.,

yeast) and then use our model trained in this way to model a PRietwork of another
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higher eukaryotic organism (i.e., human), we get a substaat improvement in the t
of our new network model to PPI networks over all other currégty commonly used
random graph models. This suggest that PPI networks of evemueh distant species
as yeast and human exhibit similar structural properties.

Currently, noise is one of the biggest challenges in analggi and modeling PPI
networks. We intentionally used only high con dence data fsm the study by Collins
et al.(17) to learn real structural properties of PPl netwoks and thus to avoid learning
the properties of the noise in PPl networks. Once the data ofush quality becomes
available for human and other species, it should be used tatn species-speci ¢ mod-
els.

Our new network modeling approach can be applied not only to del PPI net-
works, but also to model other real-world networks. Since &hdistribution of points
in a metric space is crucial for properties of geometric grap, by learning this dis-
tribution from real-world networks we can generate model meorks with di erent

structural properties and in that way model networks arisig in di erent applications.

4.2 PPI networks de-noising

As we mentioned in the previous section, many network modelgere proposed to
model PPI networks. In practice, most of them were used as huhodels to perform

statistical tests of the hypothesis based on the real-worldetworks. Scale-free model
was also used to provide rough estimates of the interactomsies. In Chapter 3,
we made a next step and demonstrated how well- tting networknodel, geometric
graphs, can be used to address an important practical proloke- PPl network de-

noising. Although many computational approaches exist toddress this problem, our
method is the rst one based solely on a network model that dsenot require any

knowledge about particular proteins.

It is important to note that the coordinates of the nodes thatwe get from the
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embedding do not represent proteins' relative locations iB-dimensional space in the
cell in any way. Instead, the dimensions of the target spaceight correspond to
various bio-chemical properties. Our approach does not riesaformation about what
the target space's dimensions represent, nor any knowledgéspace dimensionality.
Finding optimal dimensionality of this space and the bio-obmical meaning for the

dimension is an open research question.
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Appendix A

Appendix

A.1 Statistical signi cance of de-noising results.

As we describe in the Section 3.5 of this thesis, out of 251 ourigh con dence”
(with CS >=0:975) predictions we found 12 in the HPRD database. To examiriee
statistical signi cance of this result we need to answer th&llowing question. Given
the \HumanBG" network and the list of interactions from HPRD database, how likely
it is to get 12 or more protein pairs which are present in HPRD atabase if we select
251 pairs of proteins in HumanBG network at random? We use thetandard model of
sampling without replacement to answer this question. The-palue we are interested
in equals to the area under the tail of the hypergeometric digbution:
!
TN
p=1 F(x 1M;K;N)=1

The parameters we need areM is the total number of pairs in the HumanBG
network, K - number of interactions in the HPRD databaseN - number of pairs we
sample and x=12 is the number of sampled pairs which are preseén the HPRD. In
our case, since HumanBG has 7513 nodes, the total number otlegairs is 28218828.

The number of interactions in the HPRD database i =34119. And our p-value is

53



then about 75 10 8,

To examine the statistical signi cance for sharing common G terms, we again
used the standard model of sampling without replacements.dte, that in our analysis
we take into account only those protein pairs in which both mteins are annotated with
at least one GO term, which is not a \root" GO term (root GO terms are: GO:0008150
for biological process and GO:0005575 for cellular compat)e The number of nodes
in HumanBG network annotated with at least one GO term which orrespond to
\biological process" or \cellular component” is 6278 and th total number of pairs
is M = 19703503. Total number of pairs of nodes in HumanBG networkwhich
share at least 1 such GO term in common iK = 7400424. Out of our 251 high
con dence predictions 92 have at least one protein unanndtd and therefore we
have complete data only forN = 251 92 = 159 protein pairs. Out of these 159
protein pairs, 105 share at least 1 GO term in common. The p-\ee of this result is
thenp=1 F(104197035037400424159) = 7:26 10 8. About 63% of these 105
predictions correspond to protein pairs which share more&m 1 GO term in common.

Since \cellular localization" GO terms can be very generalt is likely that some
proteins can share the same cellular localization but do natteract. Therefore, in our
next analysis we disregarded GO terms related to \cellulaotalization" and considered
only terms corresponding to the \biological process". In \HmanBG" network, there
are 5864 nodes annotated with such GO terms and the total nurab of pairs is then
M = 17190316. Out of theseM pairs, K = 1354495 share at least one GO term
in common. Out of our 251 predictions in this case we have cotefe data only for
K =129 of them. Out of these 129 protein pairs, 55 pairs share bast one GO term
which refers to \biological process”. The statistical sigincance of this result is then
p=1 F(54j171903161354495129)=1:4 10 & About 45% of these 55 predictions

correspond to protein pairs which share more than 1 GO term ibommon.
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A.2 Supplementary Figures

Figure A.1: Probabilistic density p(edggdist). x axis corresponds to distances between
pairs of nodesy value of the density. Note, that in this plot normalization @nstant

p(d—}st) from formula (7) in the main paper is not taken into account.
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Figure A.2: Probabilistic density p(nonedgegdist). x axis corresponds to distances
between pairs of nodesy value of the density. Note, that in this plot normalization
1

constant o= from formula (8) in the main paper is not taken into account.

Figure A.3: Con dence scores for \HumanBG network". x axis corresponds to dis-

tances between pairs of nodey, axis corresponds to the assigned con dence scores.
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A.3 Supplementary Tables

Table A.1: Experimental techniques from BIOGRID capable ofietecting physical

interactions between proteins.

A nity Capture-Luminescence
A nity Capture-MS
A nity Capture-RNA
A nity Capture-Western
Biochemical Activity
Co-crystal Structure
Co-fractionation
Co-localization
Co-puri cation
Far Western
FRET
Invitro
Invivo
PCA
Protein-peptide
Protein-RNA

Reconstituted Complex

Two-hybrid
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Table A.2: Protein-protein interaction predictions validated in HPRD, newest version

of BioGRID (2.0.50) or in both databases.

O cial Symbol A | O cial Symbol B
POPS5 POP1
MEOX1 SOX10
CRSPS8 MEDS8

THRAPG6 MEDS8
MED31 MEDS8
GHRHR MLNR
RPP38 RPP25
DAZ1 DAZAP1
TNFRSF4 TNFRSF9
SURF5 CRSPS8
SURF5 THRAPG
POP4 RPP14
SLC7A8 BAAT
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Table A.3: Protein-protein interaction predictions whereboth proteins in the pair

share at least three GO terms corresponding to the \biologit process" or \cellular

component ". In this analysis we take into account only thoserotein pairs in which

both proteins are annotated with at least one GO term, whichsi not a root GO

term (GO:0008150 for biological process or GO:0005575 fetlglar component). For

the full table with protein-protein interaction predictions where both proteins in the

pair share at least one GO term see the online version of thetiale on the PLoS

Computational Bilogy website (51).

O cial Symbol A O cial Symbol B Number Shared Terms
of shared
terms
POU3F2 POU3F3 12 G0:0021799 GO0:0021799 GO:0021799 GO:0021 869 GO0:0021869 GO0:0021869
G0:0045944 GO:0045944 G0O:0045944 GO:0005634 GO:0005634 G 0:0005634
CHRNA2 CHRNAS5 8 GO0:0030054 GO:0007165 GO:0005886 GO:0016021 G0:0045202 GO:0045211
G0:0006811 GO:0005892
CHRNA2 CHRNA3 8 G0:0030054 GO:0007165 GO:0005886 GO:0016021 G0:0045202 GO:0045211
G0:0006811 GO:0005892
GP5 GP9 7 GO0:0007596 GO:0007155 GO:0031092 GO:0005886 GO:0 005886 G0O:0005886
G0:0005887
CCL20 XCL1 6 G0:0005576 GO:0005615 GO:0007165 GO:0007267 G 0:0006935 GO:0006955
SIM1 SIM2 6 G0:0006355 GO:0005634 GO:0030154 GO:0007165 GO :0007275 G0O:0007399
SLC7A5 SLC7A8 6 G0:0005886 GO:0006520 GO:0006810 GO:00057 37 G0:0015804 G0O:0015807
MAML2 MAML3 6 G0:0016607 GO:0045944 GO:0007219 GO:0006350 G0:0006355 GO:0005634
CCL19 CCL25 5 G0:0005576 GO:0005615 GO:0006935 GO:0006954 G0:0006955
SLC7A7 SLC7A8 5 G0:0005886 GO:0006520 GO:0006810 GO:00058 87 G0:0016323
DAZ1 DAZAP1 5 G0:0030154 GO:0007275 GO:0005737 GO:0005634 G0:0007283
SLC25A17 ABCD2 5 G0:0016020 GO:0005777 GO:0005778 GO:0005 887 G0:0006810
GOLGB1 BETI1L 4 G0:0016020 GO:0005794 G0O:0000139 GO:001602 1
MED18 MEDS8 4 G0:0006350 GO:0000119 GO:0005634 GO:0006355
CRHBP CRH 4 G0:0007565 GO:0007611 GO:0007165 GO:0005625
SIM2 AHRR 4 G0:0006355 GO:0007165 GO:0005634 GO:0005634
CCL20 XCR1 3 G0:0007165 GO:0006935 GO:0006954
PRIMAL CoLQ 3 G0:0030054 GO:0045202 GO:0042135
SLC7A10 SLC7A8 3 G0:0006810 GO:0005887 GO:0015804
uUTY UTX 3 GO0:0055114 GO:0005634 G0O:0016568
RRM2B WWOX 3 G0:0005634 GO:0055114 GO:0005737
RRM2B PLAGL1 3 G0:0005634 GO:0006917 GO:0006917
CDH18 CDH19 3 G0:0005886 GO:0007156 GO:0016021
MED31 MED8 3 G0:0005634 GO:0000119 GO:0006355
EAF1 EAF2 3 G0:0016607 GO:0005634 GO:0006355
PDCD6 ALG2 3 G0:0016020 GO:0005634 GO:0051592
MKL1 ETV4 3 G0:0045941 GO:0005634 GO:0006355
PXMP4 ABCD2 3 G0:0016020 GO:0005777 GO:0005778
NR6AL JMJID2A 3 G0:0006355 GO:0005634 GO:0006350
NR6AL NR1D1 3 G0:0006355 GO:0005634 GO:0006350
NR6AL NR1D2 3 G0:0006355 GO:0005634 GO:0006350
ABCD2 PEX11A 3 G0:0016020 GO:0005777 GO:0005778
ABCD2 PEX11B 3 G0:0016020 GO:0005777 GO:0005778
ABCD2 PEX16 3 G0:0016020 GO:0005777 GO:0005778
ABCD2 PEX3 3 G0:0016020 GO:0005777 GO:0005778
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Table A.4: Protein-protein interaction predictions whereboth proteins in the pair

share at least two GO terms corresponding to the \biologicagdrocess". In this analysis
we take into account only those protein pairs in which both mteins are annotated with
at least one GO term which is not a root term (GO:0008150 for biogical process).
For the full table with protein-protein interaction predictions where both proteins in

the pair share at least one GO term see the online version ofettarticle on the PLoS

Computational Bilogy website (51).

O cial Symbol A O cial Symbol B Number Shared Terms
of shared
terms
POU3F2 POUS3F3 9 G0:0021799 GO:0021799 GO:0021799 GO:00218 69 GO0:0021869 GO:0021869
G0:0045944 GO:0045944 GO:0045944
SIiM1 SIM2 5 G0:0006355 GO:0030154 GO:0007165 GO:0007275 GO :0007399
CCL20 XCL1 4 G0:0007165 GO:0007267 GO:0006935 GO:0006955
SLC7A5 SLC7A8 4 G0:0006520 GO:0006810 GO:0015804 GO:00158 07
MAML2 MAML3 4 G0:0045944 GO:0007219 GO:0006350 GO:0006355
CCL19 CCL25 3 G0:0006935 GO:0006954 GO:0006955
CCL20 XCR1 3 G0:0007165 GO:0006935 GO:0006954
CRHBP CRH 3 G0:0007565 GO:0007611 GO:0007165
DAZ1 DAZAP1 3 G0:0030154 GO:0007275 GO:0007283
CCR6 XCL2 2 G0:0007165 GO:0006935
SLC7A11 SLC7A7 2 G0:0006810 GO:0006865
SLC7A10 SLC7A8 2 G0:0006810 GO:0015804
SLC7A7 SLC7A8 2 G0:0006520 GO:0006810
uTyY uTx 2 G0:0055114 GO:0016568
RRM2B PLAGL1 2 G0:0006917 GO:0006917
TESK1 TESK2 2 G0:0006468 GO:0007283
CHRNA2 CHRNAS5 2 G0:0007165 GO:0006811
CHRNA2 CHRNA3 2 G0:0007165 GO:0006811
MED18 MEDS8 2 G0:0006350 GO:0006355
MKL1 ETV4 2 G0:0045941 GO:0006355
GP5 GP9 2 G0:0007596 GO:0007155
SIM2 AHRR 2 G0:0006355 GO:0007165
NR6AL JMID2A 2 G0:0006355 GO:0006350
NR6AL NR1D1 2 G0:0006355 GO:0006350
NR6AL NR1D2 2 G0:0006355 GO:0006350
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Table A.5: Protein-protein interaction predictions whereboth proteins participate

in the same KEGG pathway. Number of shared GO terms refers tdé \biological

process" or \cellular component " terms.

O cial Symbol A

O cial Symbol B

KEGG pathway

Pathway descrip

tion (KEGG Orthology)

Number of

shared GO
terms
COX4l12 CYC1 hsa00190; hsa05010; hsa05012 Oxidative phosph orylation; Alzheimer's 2
disease; Parkinson's disease
GP5 GP9 hsa04512; hsa04640 ECM-receptor interaction; Hema topoi- 7
etic cell lineage
CCL19 CCL25 hsa04060 Cytokine-cytokine receptor interact ion 5
CCL20 XCL1 hsa04060 Cytokine-cytokine receptor interacti on 6
CCL20 XCR1 hsa04060 Cytokine-cytokine receptor interactio n 3
CCR6 XCL2 hsa04060 Cytokine-cytokine receptor interaction 2
TNFRSF18 TNFRSF4 hsa04060 Cytokine-cytokine receptor inter action 0
TNFRSF4 TNFRSF9 hsa04060 Cytokine-cytokine receptor intera ction 2
GHRHR MLNR hsa04080 Neuroactive ligand-receptor interacti on 2
HIST2H4 HIST1H2AE hsa05322 Systemic lupus erythematosus 0
MAML2 MAML3 hsa04330 Notch signaling pathway 6
MAML2 DLL4 hsa04330 Notch signaling pathway 4
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