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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 Nata�sa Pr�zulj, Chair

Understanding complex networks of protein-protein interactions (PPIs) is one of

the foremost challenges of the post-genomic era. Due to their crucial role in many

cellular functions, the topology of these networks is not completely random and evo-

lution imposed many structural patterns on them worth of close investigation. In this

thesis we show how graph theoretic and statistical ideas canbe combined together to

approach modeling and de-nosing problems in PPI networks research.

Mathematically, PPI networks are represented by graphs, with nodes corresponding

to di�erent proteins and edges corresponding to the interactions between them. Many

random graph models were proposed to capture speci�c network properties or mimic

the way real PPI networks might have evolved. In this thesis,we show how the

concept ofgeometric graphscan be used to utilize all currently available high quality

PPI connectivity information to generate better �tting net work models.

One of the biggest challenges in working with current PPI networks is their levels of

noise and incompleteness. Recent advances in the experimental biotechnology, 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 these experimental techniques

su�er from huge amounts of false positives and false negatives. For example, for Y2H

screens, it is thought that the false positive rate could be as high as 64%, and the

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

ix



have comparable levels of noise. This problem has stimulated the development of

computational methods for PPI prediction and de-noising. We show that because of

their superior �t to PPI networks, geometric random graphs can be used for predicting

novel interactions in PPI networks and to detect spurious ones. We propose a method

for PPI networks de-nosing which achieves better sensitivity and speci�city values that

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

biological experiments.
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Chapter 1

Introduction

1.1 Motivation

Virtually in any area of life there are complex systems whichcan be conveniently rep-

resented using graphs (or networks). The most prominent examples are: many types

of biological networks, in particular protein-protein interaction (PPI) networks (which

are the focus of this thesis), social, informational, physical, transportation networks

and many others. Stated brie
y, the main challenges that network science has to deal

with are: enormous sizes of the networks, high levels of noise and incompleteness in the

data and computational intractability of many underlying graph-theoretical problems.

Relatively recent papers by Watts and Strogatz (1) and by Barabasi and Albert

(2) gave rise to an enormous amount of work exploring the structure 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 grid network in the Western

USA and collaboration graph of �lm actors, exhibit so-called \small-world" property.

They also proposed a mathematical de�nition of this model. The 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 friends who can connect
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them. After that, there was a sociological study in 1969 by Je�rey and Stanley (3)

supporting this hypothesis.

A year after Watts and Strogatz's paper, Barabasi and Albert(2) found that even

such diverse networks as genetic interaction networks and WWW have power law

degree distributions, or as it is called in statistical physics, 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). In 1955, Simon did not study

networks directly, however he found power-law degree distribution in: (i) distributions

of words in prose, (ii) distributions of scientists by number of papers published, (iii)

distributions of cities by population and (iv) distributio ns of income by size (4). In

his, work he derived a model almost identical to the one proposed by Barabasi and

Albert (2) which produces such distributions. In his 1965 work, Price also found and

proposed an explanation for the \scale-free" property in the 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, see (6).

Network science is founded on the two well-established areas of mathematics: graph

theory and statistics. A network (also called agraph) is a pair G = ( V; E) where V

is a set of nodes andE � V � V is a set of edges or links between nodes. Nodes

of the network represent elements of a complex system and twonodesu and v are

connected by an edge if they are somehow related. Both graph theory and statistics

provide a wealth of tools for studying real-world networks.Unfortunately, many graph-

theoretic problems which are important for practical applications of networks (for

example network comparison) are NP-complete and thereforeno e�cient algorithm

is known for solving them exactly. Also, due to the huge sizesof the real networks

and often overwhelming levels of noise in them, the focus in developing new tools

and algorithms for many network problems has shifted towards devising new heuristic

approaches rather than trying to solve them exactly.
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The focus of this thesis is application of network science tostudy protein-protein

interaction (PPI) networks. Proteins are extremely important biomolecules in any

organism because they are responsible for the vast amount ofcellular functions. How-

ever, they rarely perform their functions alone. Instead, they cooperate with each

other and form complex networks of protein-protein interactions. These networks are

usually represented with the help of undirected, unweighted graphs without self loops

where nodes correspond to proteins and an edge exists between two of them if they

physically interact. Figure 1.1 presents an example of a PPInetwork. The topology

of PPI networks has been the focus of many studies. It can giveus new insights into

functions of individual proteins as well as protein complexes and cellular machinery as

a larger complex system (7; 8). Protein-protein interaction data come from the exper-

imental studies such as yeast-two-hybrid (Y2H), tandem a�nity puri�cations (TAP),

high-throughput mass spectrometric protein complexes identi�cation (HMS-PCI) and

others. Recent studies (9; 10; 11; 12; 13; 14; 15; 16; 17) havepublished a vast amount

of PPI data for various organisms. However, a major problem of all these data sets

are their levels of noise and incompleteness. It is believedthat the false positive rate

for the Y2H data can be as high as 64% and false negative rate isbetween 43% - 71%

(18). For TAP experiments these rates are also very high. It is estimated that false

positive rate for TAP experiments can be as high as 77% and false negative rate is

within 15% - 50% (18). Hence, new accurate models which can beused to model PPI

networks and predict false positives and negatives in them are are of practical interest.

1.2 Current challenges in PPI network research

Currently, there are several key challenges in PPI network research. First challenge

is modeling. As of 2009 there is no complete and clean PPI network of any organism

available. Even the most studied PPI network of yeast is verynoisy and far from

being complete. Hence, it is important to �nd a well-�tting graph theoretic model
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Figure 1.1: An example ofSaccharomyces cerevisiae(yeast) PPI network. This is the

largest connected component of the high con�dence yeast network reported in (17).

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

for PPI networks. Such model would allow us to better understand the topology

of PPI networks. Also, models are necessary for almost any statistical analyses of

real world networks. Many random network models have been proposed to describe

PPI networks: (i) Erdos-Renyi random graphs (19), (ii) Scale-free models (2), (iii)

geometric random graphs (20), and (iv) Stickiness-Index based models (21). Which

model �ts PPI networks best is still an open question, and perhaps newer and better

models will be devised to address this problem.

The second key problem, particularly inherent to PPI networks, is detecting false

positives and false negatives in them. There are three typesof computational ap-

proaches addressing this problem. Some techniques only tryto predict novel interac-
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tions between proteins, that is, detect false negatives in the data (22; 23; 24; 25; 26).

Other techniques use existing PPI data sets and attempt to detect false positives in

the existing data (27; 28). Finally, there are approaches (29) which can detect both

false positives and false negatives in PPI networks. In Chapter 3, we show how geo-

metric graph model can be utilized to detect both false negatives and false positives

in the data.

The third important challenge in PPI network research is network comparison.

Many graph theoretic parameters such as average pathlength, clustering coe�cient,

betweenness, centralities, degree distribution, etc. canbe used to compare two net-

works. However, these parameters give us very limited knowledge of network topology.

Another way of comparing two networks isnetwork alignment. Given two networks

G1(V1; E1) and G2(V2; E2), the network alignment problem asks to �nd a mapping

f : V1 ! V2 that aligns topologically \similar" nodes. A perfect example of a map-

ping that aligns topologically similar nodes together isgraph isomorphism. The map-

ping f : V1 ! V2 is an isomorphism betweenG1 and G2 i� 8v; w 2 V1, (v; w) 2 E1

implies (f (v); f (w)) 2 E2. Clearly, even for two graphs of the same size an isomor-

phism between them does not necessarily exist. Hence, we have to 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 formulation of network alignment

problem should include subgraph isomorphism problem (which is NP-complete) as a

special case. Moreover, note that for \graph isomorphism" problem (i.e., �nding an

isomorphism between two graphs) it is not even known if it is NP-complete or not.

Hence, network alignment problem is computationally hard and has to be addressed

using heuristics. A well �tting model for the PPI networks will allow us to address

this problem not for the graphs in general, but for some particular family of networks

and can suggest good heuristics or even make it computationally tractable.
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1.3 Background

1.3.1 Global network properties

Before discussing the most commonly used network models, weintroduce a few basic

graph de�nitions and properties. A graphG(E; V ) is called simple if it is unweighted

(no weight function is de�ned on its edges), undirected (8(u; v) 2 E : (u; v) = ( v; u)),

and contains no self-loops (8v 2 V : (v; v) =2 E) or multiple edges. In this thesis, we

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

A degreeof a nodev 2 V is a number of its neighbors in the network. We denote

a degree of nodev 2 V as deg(v). If there is an edge (u; v) in the network, the

nodesu and v are calledadjacent. A set of all neighbors of a nodev 2 V is usually

denoted byNG(v) = f u 2 V : (u; v) 2 Eg. Formally, the degree of the node is de�ned

as deg(v) = jNG(v)j. A degree distribution of the graph G = ( V; E) is a sequence

P(k)maxv 2 V deg(v)
k=0 whereP(k) is number of nodes in graphG with degreek.

A path P between two nodesu and v in the graph G(V; E) is a sequence of edges

f (x i ; x i +1 )gL
i =0 such that: (i) x0 = u and xL = v, (ii) 8i = 1; 3; 5:::; L � 2 : x i = x i +1 ,

and (iii) each nodex i for i = 1; :::; L is present only once in the pathP. A path

C with x0 = xL is called acycle. If for any pair of nodesu; v 2 V there is a path

between them, the graph is calledconnected, otherwise it is calleddisconnected. For

a given graphG(V; E) we call H (V 0; E0) a subgraphof G i� V 0 � V and E 0 � 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 betweenu and v. If graph is disconnected we de�ne a

distance between nodes from di�erent connected componentsto be equal to in�nity.

The shortest path distance satis�es all axioms of the metric, and thus a pair (G; d)

is a discrete metric space. Anaverage pathlengthof the graph G is an average over

all distances between all pairs of its connected nodes. Adiameter of the graph is a
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maximum distance between any two connected nodes in the graph.

Another commonly used network property is the clustering coe�cient. The clus-

tering coe�cient of a nodev 2 V is de�ned asCv = 2E v
deg(v)( deg(v)� 1) , where Ev is the

number of edges between neighbors ofv. 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 alocal

rather then global network property. However, clustering coe�cients of single nodes

are usually of limited interest. Instead, their distribution or the average clustering

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

the average of clustering coe�cients of its nodes

CG =
1

jV j

X

v2 V

Cv: (1.1)

Hence, it re
ects the likelihood of two nodes to interact, given that they share a

common neighbor. Sometimes the clustering coe�cient of a graph is de�ned as

C0
G =

3 � number of triangles in the network
number of connected triples in the network

(1.2)

If a graph has nodes with degree 1 and 0, the values ofCG and C0
G 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 science 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 network G = ( V; E) with

average clustering coe�cientCG and average pathlengthLG . Let R1; R2; :::; Rm be m

(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 asG. Denote by Crandom and

L random the averages of their average clustering coe�cients and average pathlengths

respectively. Then we de�ne� = L G
L random

, 
 = CG
Crandom

and � = 

� (31). A small-world

network is a network that has the clustering coe�cient higher than random graphs and

approximately the same average pathlength. Hence, mathematically, we can de�ne a

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

7



Figure 1.2: Watts-Strogatz \Small-world" model. The leftmost network is a regular

lattice with high clustering coe�cient but large average pathlength. 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 Erdos-Renyi random

graph with small average pathlength and small clustering coe�cient. This �gure is

taken from (1).

1.3.2 Local network properties

Global networks properties described in the previous section are very important struc-

tural characteristics of the network. However, these properties alone do not tell us

much about the local structure of a network. For example, it is trivial to construct two

networks with the same degree distribution but with vastly di�erent local structures.

Figure 1.3 provides such example. The same is also true for the clustering coe�cient

and the average diameter.

An additional issue with using global network properties for comparing two net-

works, e.g., for evaluating the �t of network models to a real-world PPI network, is

the noise and incompleteness abundant in the current PPI networks. For example, if

we take two networks with the same structure, by removing edges from them we will

decrease the degrees of the nodes, the clustering coe�cients and the average diam-

eters of both networks and therefore, while some structuralpatterns between these

8



Figure 1.3: An example of two graphs of the same size with exactly the 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 right) has no triangles at all.

two networks might remain similar, all three of the above global properties will di�er

substantially.

The local network structure can be conveniently described with the help of its

small induced and non-induced subgraphs. A subgraphH (V 0; E0) of a graphG(V; E)

is called induced if 8(u; v) 2 V 0 : (u; v) 2 E implies (u; v) 2 E 0, otherwise it is called

non-induced. A motif is a small non-induced subgraph of the network which occurs in

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, simple Erdos-Renyi random

graphs are used as such models. Miloet al. (33) used motifs to classify di�erent

networks into the super families based on the patterns of motif occurrences in them.

Motifs also have biological meaning in biological networks, for example, feed forward

loops in transcriptional regulation networks. For a comprehensive review on motifs

see (35).

However, since motifs are not induced subgraphs of the network, their ability to

capture important structural similarities between two networks is questionable. To

tackle this issue, Przulj et 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 a fairly precise topological
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Figure 1.4: Automorphism orbits 0, 1, 2, . . . , 72 for the thirty 2-, 3-, 4-, and 5-node

graphlets G0,G1, . . . ,G29. In a graphlet Gi , i 2 f 0; 1; :::29g, nodes belonging to the

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

agreement between two networks (called \GDD agreement" andde�ned below), we

need to calculate for each node in the network how many times it touches each of the

30 graphlets. From a topological point of view, it is relevant to distinguish between

automorphism orbitsof each graphlet. For example, in a 3-node path, the \end-nodes"

are identical from the topological point of view (i.e., can be mapped to each other by

an automorphism, an isomorphismof a graph with itself { see (36) for details), whereas

the \middle node" is di�erent; therefore, a 3-node path has two di�erent automorphism

orbits. More precisely, an automorphism orbit in the graph is a set of nodes which

can be mapped onto each other by some of graph's automorphisms. There are 73

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

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

works using Graphlet Degree Distribution (GDD) Agreementmeasure (36; 37). It
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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 th component,dj (k), is the sample distribution of the number

of nodes in the network touching a particular graphlet (at automorphism orbit j ) k

times. Graphlet degree distribution has the degree distribution as its 1st component,

which corresponds to the only automorphism orbit of a 2-nodepath (edge). The

GDD Agreement is a similarity measure between graphlet degree distributions of two

networks. It is a number between 0 and 1, meaning that two networks have similar

GDDs if their GDD agreement is close to 1, and otherwise, their GDDs are di�erent.

To calculate GDD-agreement between two networksG and H we do the following

(36). First we calculate Graphlet Degree Distributions (GDDs) for G and H . Then

we scale both distributions (dj
G(k) and dj

H (k)) as

Sj
G =

dj
G(k)
k

; Sj
H =

dj
H (k)
k

: (1.3)

Next, we normalize both distributions as following

N j
G(k) =

Sj
G(k)

T j
G

; N j
H (k) =

Sj
H (k)

T j
H

; (1.4)

where T j
G =

P 1
k=1 Sj

G(k). Obviously, starting from somek� , all Sj
G(k) = 0 ; 8k � k� ,

and therefore,T j
G and T j

H are always �nite for all j = 0; :::; 72. After that, for each

orbit j , we de�ne a distance between networksG and H as

D j (G; H ) =
1

p
2

(
1X

k=1

(N j
G(k) � N j

H (k))2)
1
2 : (1.5)

It is easy to show that such de�nedD j (G; H ) is always � 1.

Finally, we put A j (G; H ) = 1 � D j (G; H ) and GDD-agreement between two net-

works G and H is

A(G; H ) =
1
73

1X

j =0

A j (G; H ): (1.6)
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It is important to note that graphlet degree distribution measures the local struc-

ture of the network, because it is based on small local neighborhoods of its nodes. It is

especially a very strong measure of structural similarities between two small-world net-

works (those with small average pathlengths), since in these networks, 5-node graphlets

reach far enough in the network. Hence, since PPI networks have 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 byPaul Erdos and Al-

fred Renyi in 1959 (19). Commonly denoted asG(n; p), an Erdos-Renyi random

graph (sometimes called a \random graph" or a \Bernoulli random graph") is a graph

G(V; E) such that the set of nodesV is �xed and for every possible pair (u; v) 2 V � V

we add an edge (u; 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 =

n(n� 1)
2 p edges. Also, it is easy to see that an average degree of a node in an Erdos-

Renyi random graph isz = p(n � 1) = O(pn). If the number of edges,m, is relatively

small, the graph will be disconnected and have many small connected components.

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

m > n
2 , the connected components begin to merge into one giant connected component

with O(n) nodes. The second largest connected component will haveO(log(n)) nodes.

Clearly, as p (and m) grows the graph becomes more and more connected. For any

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

P(deg(v) = k) = Ck
n� 1p

k(1 � p)n� 1� k : (1.7)
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Hence, in the limit of largen, these graphs have Poisson degree distribution

P(deg(v) = k) =
zke� z

k!
: (1.8)

Erdos-Renyi random graphs have small average pathlengths and diameters. For

random graphsG(n; p) their average pathlength and diameter scales asln n
ln z , as it is

observed in many real world networks.

Many real world networks also have high average clustering coe�cients. Since by

de�nition, in the Erdos-Renyi model, the probability of two nodes to interact equalsp

and does not depend on any other edges, its clustering coe�cient also equals top which

is signi�cantly smaller than in many real world networks. Hence, this model fails to

match most of the real world networks even according to this simple characteristic.

However, this negative result itself is very important fromthe following point of view.

Since PPI networks are very di�erent from Erdos-Renyi random graphs, it is reasonable

to assume that their structure is not completely random and evolution did impose

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

Erdos-Renyi is the earliest network model. Many of its properties have been charac-

terizedasymptotically, in the limit of large n. That is, for a �xed probability p, it is said

that almost all graphs have a propertyP r if the probability P(G(n; p) has P r) ! 1

when n ! 1 . One of the main goals of the random graph theory is determining

at which probability p almost all graphs will satisfy some property. Although Erdos-

Renyi model is very simple and poorly re
ects the propertiesof 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 well-approximated by the union

of a constant number of regular pairs (random-like bipartite graphs) (38). Therefore,

the existence of some property on random graphs can often imply its existence on

almost all graphs (39). Figure 1.5 presents an example of Erdos-Renyi random graph.
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Figure 1.5: Erdos-Renyi random graphG(n; p). This graph hasn = 20 nodes,m = 100

edges andp is approximately 0:52

Scale-free model

A scale-free networkis a network whose degree distribution,P(k), follows apower-law.

The most common form of power-law isP(x) = � � xk + o(xk). 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 distribution exhibits the

property of scale invariance. That is, rescaling the function's argument changes only

the constant � and preserves the shape of the distribution.

Initially, scale-free networks were �rst described by Derek J. de Solla Price in 1965

when he was studying the citation networks of scienti�c papers (5). The citation

network is modeled using a directed graph where nodes represent scienti�c papers and

an edge from nodea to node b means that a cites b. Price observed that both \in"
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and \out" degrees of these networks follow a power law and estimated the value of


to be between 2 and 3. He also proposed a mechanism of generating such networks,

known as \preferential attachment", which can explain the power law he observed in

the data.

Recently, because of the work by Barabasi and Albert (2), there has been a lot of

interest in studying scale-free networks. In their work, Barabasi and Albert showed

that a part of WWW, power grid networks and some biological networks all have

power law degree distributions. He and his collaborators also found that some social

and many other real world networks have this property. They proposed Barabasi-

Albert model (\B-A") which is similar to the \preferential a ttachment" mechanism

studied by Price for generating random networks with power law degree distributions.

In this model, the new nodes are added to the network one at a time and a new node is

connected withm other, already existing nodes, with the probability biasedin favor of

the highly connected nodes. That is, a new node is connected to some existing nodev

with the probability pv = deg(v)P
u 6= v

deg(u) . Therefore, in this model, highly connected nodes

(or \hubs") become even more connected, and because of that this model is sometimes

called \rich gets richer". Scale-free degree distributionhas a signi�cant e�ect on the

network topology. Because of this degree distribution, thenetwork usually has few

\hubs", nodes with very high degree, and most of the other network's nodes have few

neighbors. This topology is \fault tolerant" in the sense that few random deletions

of nodes from the network should not have a big e�ect on its connectivity. On the

other hand, this type of topology is vulnerable to the targeted attacks on network's

hubs. The B-A model has small average pathlength of aboutln n
ln ln n , which is also

consistent with many real world networks. The clustering coe�cient distribution in

such networks also exhibit a power law distribution.

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

have a scale-free degree distribution. Figure 1.6 shows thedegree distribution of the
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Figure 1.6: Degree distribution of the Human PPI network. The human PPI network

was downloaded from BioGRID. It has 7,930 nodes and 23,543 edges. (A): Degree

distribution of the human PPI network. x� axis is a degree of the nodes andy� axis

is P(k), the number of nodes with degreek. (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; suggestingthat

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

human PPI network downloaded from BioGRID (40). However, for several reasons,

scale-free model is still not good enough for modeling PPI networks. First, the degree

distribution is a very general property and many networks can have almost the same

degree distributions, but vastly di�erent local structures. Second, all PPI datasets

available today (2009) are both noisy and incomplete and it has been shown that

sampling from a scale-free network should not produce scale-free sub networks (41;

42). Also, �ner models for PPI networks, in particular, geometric random graphs (20),

were proposed.

Stickiness-based index models

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

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

1. Having a high degree implies that a protein has many binding domains 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 oneor both have a low

stickiness index.

The stickiness indexof a nodei is its normalized degree

� i =
deg(i )

q P
j 2 V (G) deg(j )

(1.9)

Nodes with high stickiness indices mimic proteins with manycomplimentary physical

aspects (binding domains). Given the underlying degree information, �tting a stick-

iness model produces better results than simply choosing a degree-matching graph

uniformly at random (21).

1.3.4 Geometric graphs

Background

The geometric random graph model for studying biological networks 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 eachother based on their bio-

chemical properties. Mathematically, we can consider these properties to correspond

to the dimensions of some abstract metric space. Therefore,PPI networks reside in

some biochemical space with �nite number of dimensions. Currently, it is hard even

to hypothesize about the nature or dimensionality of that space, however in previ-

ous work (20; 36; 43; 44), using various mathematical and computational techniques,

we have shown that PPI networks are well modeled by low dimensional geometric

random graphs(45). In a geometric random graph, nodes correspond to points dis-

tributed uniformly at random in a metric space and edges exist between 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 beconstructed using di�er-

ent metric spaces, distance norms, and distance parameter.Many of their properties

can be proved theoretically (45). We choose low-dimensional Euclidean boxes and the

Euclidean distance norm to construct geometric random graphs with the number of

nodes equal to that of a PPI network; we chose� that makes the number of edges in

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

Basic properties

It is well known that geometric random graphs constructed using 2-dimensional Eu-

clidean space cannot contain certain types of induced bipartite subgraphs that appear

to be abundant in the currently available PPI networks (45; 46). However, increasing

the dimensionality of the Euclidean space makes more subgraphs possible, in particu-

lar, K 2;3, the complete bipartite graph based on two independent setsof two and three

nodes is possible in three dimensions. Note that there is a bias coming from experimen-

tal \spoke" model used for detecting protein interactions (28) which will necessarily

introduce small bipartite graphs containing false positives in the data. Also, nothing

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

Embedding algorithm

The random geometric graph model matches PPI networks in terms of various global

and local network properties such as pathlengths, clustering coe�cients, relative graphlet

frequency distance (20), and graphlet degree distribution(36). Higham et al. have

also designed an algorithm to test directly whether PPI networks are geometric by

embedding them into a low dimensional Euclidean space (43).The algorithm is based

on Multi-Dimensional Scaling (48), with pathlengths playing the role of Euclidean

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

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

using the formula: d(i; j ) =
q

dG(i; j ) i� dG(i; j ) � K otherwised(i; j ) = K max ,

for someK max .

� Construct matrix A using double-centering process:

aij = �
1
2

(d2
ij �

1
n

nX

k=1

d2
ik �

1
n

nX

k=1

d2
kj +

1
n2

nX

k=1

nX

l=1

d2
kl ) (1.10)

� It can be shown that A has a Schur decomposition and therefore, the resulting

embedding into them-dimensional space is then speci�ed by the eigenvectors

of A, corresponding to them largest eigenvalues. That is, for each proteini ,

it's coordinates in them-dimensional Euclidean space are then equal to thei -th

coordinates of the �rst m eigenvectorsv1; :::; vm of the matrix A. (m � n)

It should be noted that in the case of Euclidean distancesd(i; j ) the double-

centering matrix A is a positive semi-de�nite. However, when distancesd(i; j ) are

pathlength distances in the graph as de�ned above, the matrix A is not necessarily

positive semi-de�nite and can have negative eigenvalues. However, on practice, for

geometric graphs and for graphs which are well modeled by geometric random graphs,

the absolute values of matrixA negative eigenvalues are relatively small (compared to

its positive eigenvalues) and therefore they and their corresponding eigenvectors can

be ignored to provide a reasonable approximation.

The embedding is \successful" if it assigns to nodes of a network a set of points

in space such that adjacent nodes in the network correspond to points that are close

in space, whereas non-adjacent nodes correspond to points that are further away in

space. Highamet al. applied this algorithm on 19 PPI networks of various organisms

that were produced by a range of biological techniques with various con�dence levels.

The algorithm successfully embedded these networks into a low-dimensional space,
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Figure 1.7: An example of embedding aSaccharomyces cerevisiae(yeast) PPI net-

work (presented in Figure 1.1) into 3-dimensional Euclidean cube. This is the largest

connected component consisting of 1,004 nodes of the high con�dence yeast network

reported in (17).

thus supporting the hypothesis that PPI networks are geometric (43). Figure 1.7

provides an example output of the embedding algorithm | points in the 3-dimensional

Euclidean unit cube corresponding to nodes of the yeast PPI network shown on Figure

1.1.

20



1.4 Thesis Overview: Applications of geometric graph

model

The rest of this thesis is organized as following. In Chapter2 we introduce a new

trained geometric modelwhich is capable to utilize currently available high-quality

parts of PPI networks and learn their structure to generate better �tting models for

PPI networks. The results from Chapter 2 were presented and published in the Pro-

ceedings of the Paci�c Symposium on Biocomputing (PSB) 2009as \Learning the

structure of protein-protein interaction networks" by Oleksii Kuchaiev and Nata�sa

Pr�zulj. Further, because of their superior �t to PPI networ ks and mathematical con-

venience, in Chapter 3 we use geometric graphs to propose an algorithm for de-noising

the existing PPI datasets by predicting false positives in the data and predicting new

interactions. The results described in the Chapter 3 are from the article by Oleksii

Kuchaiev, Marija Ra�sajski, Desmond J. Higham, and Nata�saPr�zulj (2009) \Geomet-

ric de-noising of protein-protein interaction networks"PLoS Computational Biology

5(8): e1000454.
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Chapter 2

Learning the structure of networks

The work presented in this chapter has been published as: Oleksii Kuchaiev and

Natasa Pr�zulj \Learning the structure of protein-protein interaction networks", Pro-

ceedings of the Paci�c 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-driven" models. The \de-

scriptive" models describe general properties of all networks of the particular type

(i.e. PPI networks). For example, scale-free model reproduces 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-driven" models, in

contrast, try to model a particular network instance as well as possible. For exam-

ple, stickiness-index-based model (21) and Erdos-Renyi random graphs with the same

degree distribution as data require aparticular network example and then try to re-

produce its structure. Network-driven models are expectedto �t a particular network

example better then descriptive ones, given that appropriate training is provided.

Also such \network-driven" models can be applied to model networks 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, and our previous observations

that geometric random graphs provide a good model for PPI networks. Using geo-

metric graph concept, this model reduces the problem of constructing a well-�tting

model for PPI networks to a standard machine learning problem of density estimation.

Thus, instead of trying to reproduce some of the network properties 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 to generate model instances

with arbitrary numbers of nodes and edges.

In this model, henceforth calledtrained geometric model, we do not distribute nodes

in a metric space uniformly at random (like in usual geometric random graph). Instead,

this model uses available high-quality parts of real world PPI networks to learn this

distribution of points in the low-dimensional Euclidean metric space. Having learned

this distribution ( plearned ), it can then be used to generate model network instances of

arbitrary size by distributing points in the space according to this learned distribution

plearned and connecting two nodes by an edge if they are close enough inspace.

Hence, the crucial aspect of this model is the probabilisticdistribution plearned ,

which is used to sample nodes in the metric space. To learn this distribution, we need

to have the metric space and an example distribution of points in it that corresponds

to real PPI data. Currently, it is hard even to hypothesize about the nature or

dimensionality of space in which PPI networks reside. Thus,as a proof of concept,

we choose 3-dimensional Euclidean unit cube as our metric space and the Euclidean

metric as distance function. However, all of the techniquesdescribed below could be

easily applied to any number of dimensions. Since real PPI networks contain only

the connectivity information between the nodes, we need a technique that takes this

information and embeds the network nodes into a metric spaceso that the topological
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structure of the network is preserved when viewed as a geometric graph constructed

from the embedded nodes. That is, the spatial proximity of the nodes will correspond

to the PPI network connectivity information as in a geometric random graph. For

this purpose, we use the embedding algorithm introduced by Higham et al.(43) and

described in Section 1.3.4.

Next, we model the distribution of the points in the space as aMixture of Gaussians

and learn the required parameters using Expectation-Maximization (EM) algorithm

(49). Mixture of Gaussians allows properties of complex distributions to be captured,

and it allows easy sampling via the ancestral sampling technique(49). The details are

presented below.

2.1.1 Training stage

To learn the distribution plearned we need to have a learning setX learning of 3-dimensional

coordinates ofn nodes in the Euclidean unit cube. These coordinates are the output

of the embedding algorithm described in Section 1.3.4 applied to the PPI network

data that we wish to use for learning. To model the probability density plearned of the

distribution of points in the space, we use a Mixture of Gaussians model (49):

plearned (x) =
dX

k=1

� kN (x; � k ; � 2
k)

It is a linear combination of multi-dimensional (in our case3 dimensional) Gaus-

sian distributions. Coe�cients � k ; k = 1; :::; d, represent a marginal distributionp(z)

(
P d

k=1 � k = 1 and 8k : � k 2 [0; 1]) over a latentd-dimensional binary variablez, which

has \1-of-d" representation (a particular coordinatezk 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(xjzk = 1) = N (x; � k ; � 2
k). The parameters to be learned

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

rameter which we do not learn, but choose manually to controlthe complexity of the
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model. We use Expectation-Maximization (EM) algorithm to learn the parameters of

this Gaussian Mixture model (49).

As in many machine learning problems, more complex models will always explain

the learning data better then more simple ones, but too complex models might result

in over-�tting and, as a result, will perform badly in the modeling stage. Thus, we

need to choosed big enough to �t the learning data well and small enough to avoid

over �tting and other possible issues, such as singularities in the covariance matrices

� 2
k .

For these purposes we use Bayesian Information Criterion (BIC). During our ex-

periments, we found that for our particular case, standard BIC does not penalize the

model for its complexity strongly enough; therefore, we increase the penalty for having

more parameters two times and use the formula:BIC = log(p(X j� )) � MlogN . Here,

X is our learning set,log(p(X j� )) is a log-likelihood function, � is the parameters we

learn (i.e. � , � 2 and � ), M is number of free parameters in the model (size of� ),

and N is a size of the learning set. By choosing di�erent numbers ofmixtures for our

model (choosing di�erent values ofd) we vary the number of free parametersM of the

model, which in our case equalsM = m2 + m + ( d � 1) � (m + m2 + 1), where m is the

dimensionality of the space we used for the embedding (m=3 inall our experiments).

According to this criterion, we need to choose the model which has the highest value

of BIC (49).

2.1.2 Modeling stage

After the model has learned the density functionplearned (x), it could be used for

generating model network instances of arbitrary size. Suppose that we want to gen-

erate a network Net = ( V; E) with jV j = n and jE j = m. We use anancestral

sampling technique to sample from distributionplearned (x) which can be written as

plearned (x) = p(xjz) � p(z), where marginal distribution p(z) is given by the coe�cients
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� k , the conditional distribution of x given z is p(xjz) = N (x; � k ; � 2
k ) and to sample

n nodes fromplearned (x) we repeat the following two consecutive stepsn times: 1)

sample the value ofz from (� 1; :::; � k), 2) sample 3-dimensional coordinates of point

x i from Gaussian distribution p(xjzk = 1) = N (x; � k ; � 2
k).

After this sampling procedure, we haven points in 3-dimensional Euclidean unit

cube distributed according to the densityplearned (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 thesem 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 networks of yeast and human.

These two particular species have been chosen because compared to other eukaryotic

species, they have the most complete and accurate PPI network data available. For our

learning set (henceforth denoted asSlearning ), we use the largest connected component

of the high con�dence yeast network described in the study byCollins 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 1; 004 nodes and 8; 323 edges.

Table 1 presents real-world PPI networks that we modeled using our trained geo-

metric model. All these networks contain only physical interactions between proteins.

Using the notation from Table 1, note thatSlearning � YCH � YCOL; that is, YCH is

a high con�dence part of the YCOL andSlearning is the largest connected component

of the YCH PPI network.

As described in section 2.1.1, we embedSlearning into a 3-dimensional cube using

the embedding algorithm. After that, we have 3-dimensionalcoordinates of the 1; 004
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Table 2.1: Real-world PPI networks used to evaluate the performance of the trained

geometric model.

Network Nodes Edges Origin

YCH 1622 9074 high con�dence yeast PPI network from Collins et al.(17)

YCOL 2390 16127 yeast PPI network from Collins et al.(17)

YBG 4716 32747 yeast PPI 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 ofSlearning PPI network; we present these coordinates inX learning , a 3� 1004

matrix, and useX learning to learn the distribution plearned (x). We got the highest value

of the BIC for 7 mixture components in the model and thereforewe put d = 7 in the

distribution plearned (x).

2.2.2 Analysis

As we discussed in the introduction chapter, one of the most important network prop-

erties is degree distribution. We compare the degree distributions 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 distributions

(where nodes are ordered according to their degrees), and ifit is close to 0, then there

is no linear correlation. We measure this correlation, not the di�erence between two

distributions, such as sum of squared errors, because the latter is strongly a�ected

by the amount of noise in PPI network, while the correlation between two distribu-

tions might be preserved even when some edges are missing (false negatives) or are

mistakingly present (false positives). Figure 2.1 presents values of Pearson correlation

coe�cients between degree distributions of real PPI and model networks.

27



Table 2.2: Models used to model PPI networks.

Network Model

ER Erd•os-R�enyi 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 model(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 Pearson correlation coe�cients

with the PPI networks always equal to 1. It has been observed that PPI networks

have power-law degree distributions (2), which gave rise topopularity of scale-free

network models. However, as we can see in Figure 2.1, SF preferential attachment

model badly captures the degree distribution of the PPI network data compared to

our new model, which has learned and captured the degree distribution from the part

of real-world PPI network very well. As we can see in Figure 2.1, the new model

signi�cantly outperforms any other model in all cases. Notethat we used only high

quality part of yeast PPI 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 geometric(TGEO) model is

better �tting in all cases, except one, than the standard geometric random graph

model (GEO). For BIOGRID(40) and Radivojac et al. data sets(50), GEO and TGEO

models perform worse then other models. As described in section 1.3.2, this is likely

caused by incompleteness and noise in the data. By incompleteness we do not mean the

number of nodes (proteins) in the network (although this is also an issue), but presence
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Figure 2.1: Pearson correlation coe�cients of degree distributions between real PPI

and model networks. Horizontal axis corresponds to the realPPI networks described

in Table 1 and di�erent labels correspond to di�erent model networks described in

Table 2.

or absence of real interactions among given nodes. Obviously, real yeast PPI network

has some �xed diameter and clustering coe�cient, which we can not measure now due

to high noise levels in the data. Yeast networks coming from di�erent 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 andthe diameter of 4.81,

whereas YBG has the clustering coe�cient of 0.19 and the diameter of 3.71). Thus,

these two characteristics at the moment can not tell us much about the real structure

of a PPI network.

Although global network properties are important, they might not capture the local

structure of networks and are are also very sensitive to highlevels of noise. Therefore,

we are more interested in a more structurally constraining measure of network similar-

ity, the GDD agreement(36). Figure 2.4 presents GDD agreements between real PPI

and model networks. It shows that our new trained geometric model (TGEO) �ts all
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Figure 2.2: Di�erences in clustering coe�cients of data andmodel networks. Horizon-

tal axis corresponds to the real PPI networks described in Table 1 and di�erent labels

corresponds to di�erent model networks described in Table 2.

but one PPI network better than other models; the exception is yeast PPI network

taken from BIOGRID(40), for which TGEO performs almost the same as STICKY

model, but it captures the degree distribution much better then STICKY model (see

Figure 2.1). Surprisingly, learning network structure from yeast PPI data gives better

modeling insights into modeling human PPI networks than do other network models.

This suggests that PPI networks of even such distant organisms as yeast and human

exhibit similarities in their structures.
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Figure 2.3: Di�erences in diameters of data and model networks. Horizontal axis cor-

responds to the real PPI networks described in Table 1 and di�erent labels correspond

to di�erent model networks described in Table 2.

Figure 2.4: GDD-agreement between the data and model networks. Horizontal axis

corresponds to the real PPI networks described in Table 1 anddi�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: Oleksii Kuchaiev, Marija

Ra�sajski, Desmond J. Higham, and Nata�sa Pr�zulj (2009) \Geometric de-noising of

protein-protein interaction networks" PLoS Computational Biology 5(8): e1000454.

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 convenientmathematical frame-

work for dealing with one of the biggest challenges in PPI networks research | huge

levels on noise and incompleteness. In this chapter, we present our new algorithm for

predicting new interactions and detecting false positive in PPI networks (51).

Real PPI networks are not connected, but they usually have one largest connected

component, which includes most (about 90%) of the network'snodes and edges. For

example, the human PPI network obtained from BioGRID (version 2.0.35) (40) has

7,930 proteins with 7,513 of them (94%) belonging to the largest connected compo-

nent. Since embedding disconnected components of a graph into space may result in
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meaningless spatial overlap, our algorithm can be applied only 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 disconnected components.

Hence, in particular, we are not aiming to predict new interactions between members

of disconnected components.

We embed the largest connected component of a PPI network into low dimen-

sional space, and compute spatial distances between the embedded nodes. Some

nodes are very close in the projection space compared to the average distance be-

tween pairs of nodes that are recorded as interacting (true positives obtained from the

high-con�dence data set). Also, some nodes are far apart compared to the average

distance between pairs of nodes that are known, with a certain con�dence, not to

interact (true negatives). Pairs of nodes that are unusually close to each other, but

are not connected in the PPI network, are good candidates forfalse negatives. On the

other hand, pairs of nodes that are connected in the PPI network, but are unusually

far apart in the embedding space, are strong candidates for false 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 qualityPPI networks are well

modeled by geometric graphs(20; 36; 43). The basic version of our de-noising proce-

dure consists of the following steps:

Algorithm 1

1 Embed a PPI network into Euclidean space of dimensionr � 2.

2 Choose a threshold� .

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

teracting in the PPI network) with Euclidean distance between 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 ourpredictions to

the network and re-embed to produce new predictions. In all our experiments for any

dimension, this process converged after very few iterations. We used this procedure

to test our approach on the high-quality yeast PPI network (see 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�dence scores to them re
ecting

the likelihood for the pairs of nodes to interact. In this manner, we learn the following

two probability density functions from the data: p(dist jedge) and p(dist jnonedge),

wherep(dist jedge) is the probability density function which describes the distribution

of distances between pairs of proteins which are known to interact (i.e., form edges in

the input PPI networks) and p(dist jnonedge) is the probability density function which

describes the distribution of distances between pairs of proteins which are not interact-

ing (non-edges in the input PPI network). We learnp(dist jedge) and p(dist jnonedge)

from the data given by the embedding step (see Figure 3.1 A andB). These densities

are modeled as mixtures of three Gaussians and all parameters are learned from the

data using the Expectation Maximization algorithm (49):

p(dist jedge) =
3X

k=1

� e;kN (dist; � e;k; � 2
e;k): (3.1)

The density of the distribution p(dist jnonedge) is computed using formula 3.2

below over all pairs of proteins for which interaction is notknown to exist. Note

that since the fraction of the real interaction is orders of magnitude lower than the

possible number of protein pairs in the network (52), unknown interactions will not

have signi�cant e�ect on this density

p(dist jnonedge) =
3X

k=1

� n;k N (dist; � n;k ; � 2
n;k ): (3.2)
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These are the linear combinations of three Gaussian distributions with means� e;k

and variances� 2
e;k for edges and� n;k and � 2

n;k for non edges. The numbers of mixtures

in models 3.1 and 3.2 were selected to be 3, since we observed that the histograms

corresponding to the densitiesp(dist jedge) and p(dist jnonedge) had not more than 3

modes in all of our experiments.

Note that both distributions presented in Figure 3.1 A and B are bi-modal. There-

fore, posteriorsp(edgejdist) and p(nonedgejdist) will also be bi-modal (see Figure A.1

and Figure A.2). This low modality comes comes from the fact that these PPI net-

works are well modeled even by 2-dimensional geometric random graphs. Intuitively,

the smaller the distance between two proteins, the higher the likelihood for them to

interact. This is re
ected by con�dence scores (formula 3.3), which take into account

p(edgejdist) and p(nonedgejdist) 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 dimensionr � 2.

2 Learn probabilistic densitiesp(dist jedge) and p(dist jnonedge) 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 (CS).

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

CS(i; j ) =
p(edge(i; j )jdist(i; j ))

p(edge(i; j )jdist(i; j )) + p(nonedge(i; j )jdist(i; j ))
; (3.3)

wheredist(i; j ) is the distance between points corresponding to nodesi and j in the

embedding andedge(i; j ) = 1 if ( i; j ) is an edge in the PPI network andnonedge(i; j ) =

1� edge(i; j ). This score is proportional to the likelihood of a pair of nodes to form an
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edge if all noise that prevents the current PPI network from being a geometric graph

is removed.

Using Bayes' rule we compute posterior densitiesp(edgejdist) and p(nonedgejdist):

p(edgejdist) =
p(dist jedge)P(edge)

p(dist)
(3.4)

p(nonedgejdist) =
p(dist jnonedge)P(nonedge)

p(dist)
(3.5)

where P(edge) is a prior belief about what fraction of pairs of nodes in thePPI

network are true interactions (edges). One can choose di�erent priors to re
ect existing

knowledge about the density of a particular PPI network. We compute P(nonedge) as

P(nonedge) = 1 � P(edge). The fraction of real edges among all possible node pairs

in real PPI networks is very small. For example, it is estimated that among about

6,000 proteins in the yeastS.cerevisiae, there are only 30,000-75,000 interactions (53;

54; 52), which is a small portion of the maximum possible total of � 17� 106. The

human PPI network is estimated to have 154,000-369,000 interactions among 20,000

- 25,000 proteins (52). Thus, in realityP(edge) is very small, which helps us avoid

many false positives in the network. We do not need to knowp(dist), since it can be

treated as a normalization constant.

The parameter � prevents us from assigning con�dence scores (CS) to the pairs

of nodes that are very far apart and thus are very unlikely to interact. Algorithm 2

could be reduced to Algorithm 1 by choosing an appropriate con�dence score threshold

value.

3.3 Datasets

We use two di�erent datasets, one to test our approach and theother to provide

a practical application of our method. Since the yeast PPI network described by

Collins et al.(17) is believed to be of high con�dence, we use it to test our approach.

The high con�dence part of this network consists of 9,074 interactions amongst 1,622
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proteins and it is not connected. We take its largest connected component (henceforth

denoted by \Yhigh") which has 8,323 interactions between 1,004 proteins. We use low

con�dence edges of this network to verify our predictions, i.e., we try to \predict"

these low con�dence interactions. That is, by true positive, we mean an edge that

is predicted by our method and present in the full network described by Collins et

al.(17). Analogously, a true negative is a pair of nodes predicted by our method not

to interact that does not correspond to any edge in the Collins et al. network (17).

For application purposes, we use the human PPI network downloaded from Bi-

oGRID (version 2.0.35), which consists of 23,543 interactions amongst 7,930 proteins.

In our analysis, we considered only physical interactions from BioGRID detected by

one (or several) of the experimental methods presented in Table A.1. We consider only

the largest connected component of this network, which contains 23,372 interactions

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

3.4 Testing on yeast PPI network

In Figure 3.1 A, we present probability density functionsp(dist jedge) and p(dist jnonedge)

learned from the data given by embedding of \Yhigh" into 5 dimensional Euclidean

space. This �gure shows that a huge fraction of edges correspond to very close pairs of

points in space (a peak very close 0) and most of the non-edgescorrespond to pairs of

nodes with distances about 0.7 between them. This di�erencebetween the functions

p(dist jedge) and p(dist jnonedge) justi�es the procedures described in the Section 3.2

to classify pairs of nodes into edges and non-edges based on the distances between

them in the embedding.

Our experiments suggest that the choice of dimension is not crucial here. The

crucial fact we exploit is that PPI networks are well modeledby low dimensional

geometric graphs and the actual value of dimensionality (e.g. 3 or 10) does not change

the results much.

37



Figure 3.1: Probability density functions p(dist jedge) and p(dist jnonedge) learned

from embedding the largest connected components of the following PPI networks into

5-dimensional Euclidean space:(A) the yeast S. cerevisiaehigh con�dence PPI net-

work (17) (\Yhigh"); (B) the human PPI network from BioGRID (version 2:0:35)

(40) (\HumanBG"). The x� axis represents the values of the Euclidean distances be-

tween pairs of nodes in the embedding; they� axis represents the values of probability

density functions.

To validate our basic approach, we �rst test the 2-class classi�er performance of

Algorithm 1 (see Section 3.2) using a standard ROC curve analysis. These ROC

curves, which are presented in Figure 3.2 for di�erent embedding space dimensions,

were constructed by varying� from 0 to the maximum distance between the points

in the corresponding embedding space. ROC curves depict relative 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 denotesthe intersection between

the predicted and the low con�dence edges, FP denotes the predicted edges which are

not in the set of low con�dence edges, TN denotes the edges that are neither in the

set of predicted edges nor in the set of low con�dence edges, and FN stands for the

edges which are not predicted, but are present in the set of low con�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-noisingprocedure when ap-

plied to \Yhigh" PPI network using embedding space dimensions of 2 to 7. x� axis

is 1� speci�city and y� axis is sensitivity. Numbers in brackets correspond to the

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

Furthermore, in Figure 3.3 we present precision versus recall analysis, 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 largest connected component,

the fraction of true positives (interactions) is orders of magnitude lower than the frac-

tion of true negatives (non-interactions) (52). Therefore, if we predicted interactions

completely at random, we should expect less than 1 in 1000 of interaction predictions

to be correct, whereas the interaction prediction value (precision) of our method can

be about 0.15 at a recall of about 0.35 (see Figure 3). Assuming the estimates of the

human PPI network having 154,000-369,000 interactions among 20,000-25,000 pro-

teins (52) is correct, the recall of 0.35 would give us at least 53,900 true interactions

(compared to currently available 23,543 human PPIs in BioGRID); in other words,

our method has the potential of predicting at least twice as many interactions as there

are currently available in BioGRID (at a precision of about 15%).
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Figure 3.3: Precisionversus Recall curves for \Yhigh" PPI network for embedding

space dimensions of 2 to 7.x� 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. We have observed that

this iterative procedure always converges. For small values of � , it requires only few

iterations (about 10, depending on the network and the spacedimension used) to

converge. In Figure 3.4, we present two ROC curves for the cases where we stopped

the procedure after the �rst iteration and for the case wherefor each � , we iterated

until convergence (embedding into space of dimension 4 is presented). 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. Therefore, the approach is

stable not only in the sense that it converges in few iterations, but also in the sense

that the accuracy loss is insigni�cant during iterations.

To further demonstrate the performance of our approach we perform another exper-

iment that models the incompleteness of current PPI data sets. We take the \Yhigh"

network and remove 500, 1000, 2000 and 3000 edges and try to recover these edges
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Figure 3.4: The �rst (blue) ROC curve shows the performance of the de-noising pro-

cedure applied to \Yhigh" PPI network using embedding spacedimension of 4. The

second (red) ROC curve shows the performance after iterating the embedding and

de-noising procedures until convergence.x� axis is 1� speci�city and y� axis is sensi-

tivity.

using our procedure. The results, presented as ROC curves, are shown in the Figure

3.5.

These results are encouraging. For example, for dimension 7of the embedding

space (see Figure 3.2), the area under the ROC curve is 0.9 andwe can achieve

speci�city of 85% and sensitivity of 90%. This corresponds to the false positive rate (� )

= 1 � specif icity = 15% and false negative rate� = 1 � sensitivity = 10%. Since we

are predicting low-con�dence interactions from (17), our true FP and FN rates could

be a little higher that measured in this experiments. However, TAP and Y2H false

positive and negative rates are believed to be at about 64% and 50% correspondingly

(18). In the absence of further information, it is reasonable to assume that these rates

are approximately the same on all parts of the network, including its largest connected
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Figure 3.5: ROC curves for the experiments in which 500, 1000, 2000 and 3000 edges

from \Yhigh" network were removed at random and then recovered using the de-

noising procedure.x� axis is 1� speci�city and y� axis is sensitivity.

component. Hence, for the largest connected component of the network our method

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

3.5 Application to human PPI network

We apply our method to predict novel interactions and detectpossible false positives

in the human PPI network \HumanBG" (described in the subsection 3.3 ).

Using Algorithm 2 presented in section 3.2, we compute con�dence scores for all

possible pairs of proteins with Euclidean distance betweenthe corresponding points in

the embedding being lower than 0:4. Figure 3.1 B showsp(dist jedge) and p(dist jnonedge)

in the case of embedding into the 5-dimensional space. Sincethe overlap between these

two densities is small and most of the interacting protein pairs have distances between

their corresponding points very close to 0, we can assign con�dence scores to the in-
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teractions (existing and potential) in this PPI network. The value of 0:4 of � was

chosen because, as illustrated in Figure 3.1 B, most node pairs with embedding points

at distance 0:4 or higher are non-edges. For other PPI datasets, a realistic value for �

may be di�erent.

There are 2,838 edges (about 12% of all edges in the network) that correspond to

protein pairs with endpoints further away than 0.4 in the embedding. We refer to

these edges as our candidates for false positive PPIs. In the\HumanBG" network,

about 72% of interactions correspond protein pairs that share at least one \cellular

localization" Gene Ontology (GO) term (55). Proteins with di�erent cellular localiza-

tions are believed to be less likely to interact. We con�rm this by verifying that for our

false positive interaction candidates, this rate is about 66%, which is less than that

of the entire PPI network. Hence, we suggest that the interactions predicted by our

method not to interact that do not share \cellular localization" GO terms are strong

candidates for false positives (Table S7 on PLoS Computational Biology website 1 ).

Next, we examine all possible pairs of nodes that were assigned con�dence scores

(CS) of 0:975 or higher. There are 1; 685 such pairs. Not surprisingly, most of them

(1; 434) are edges in the \HumanBG" network. We refer to these edges as high con�-

dence edges. The remaining 251 pairs of nodes withCS � 0:975 do not correspond to

edges in the \HumanBG" network and therefore, we consider them as our high con�-

dence predictions (presented in Table S1 on PLoS Computational Biology website 1 ).

The human PPI network from BioGRID is one of the most completePPI datasets for

human. However, to validate some of our predictions, we alsoexamined human PPI

interactions from Human Protein Reference Database (HPRD)(56). We validated

12 of our predictions (that we predicted using BioGRID) by �nding them in HPRD.

Given a huge amount of possible protein pairs in the human PPInetwork (about 28

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

1http://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 highly 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 2.0.50) was made available

for download and 5 of our predictions appeared in it; 4 of these 5 interactions were

present before in HPRD and 1 was a new interaction. Therefore, in total, 13 of our

predictions are validated by HPRD or the newest version of BioGRID (version 2.0.50)

or by both of these databases (presented in Table A.2). Furthermore, our method

predicts that human proteins POP5 and POP1 interact, which is supported by the

HPRD database; moreover, Kroganet al. (16) detected a physical interaction between

proteins POP5 and POP1 in yeast. Also, we predict that proteins CAR1 and MDH1

interact in human and these two proteins were found to interact 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 KEGG pathways; in

addition, we use a literature search and text mining tool. First, we examine how

many predicted interaction pairs share common Gene Ontology (GO) terms (55).

Since proteins that are involved in the same biological process and/or share the same

cellular localization are more likely to interact, this statistic can give us a better idea of

the quality of our predictions. Initially, we take into account only those protein pairs

in which both proteins are annotated with at least one GO term, ignoring \root" GO

terms (GO:0008150 for biological process and GO:0005575 for cellular component).

Among our 251 predictions, 92 protein pairs had at least 1 unannotated protein, thus

we had complete GO data only for 159 protein pairs. Out of these protein 159 pairs,

105 (66%) have at least 1 common GO term that corresponds to \biological process," or

\cellular localization" (presented in Table A.3). The statistical signi�cance, measured

as a p-value, of this result is 7:26� 10� 8 (see appendix A.1 for details).

GO terms that correspond to \cellular localization" could be very general; many
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proteins may share the same \cellular localization," without interacting. Thus, to

further investigate the biological signi�cance of our predictions we disregard from our

analysis GO terms related to \cellular localization" and consider only known GO

terms related to \biological process." Out of our 251 high con�dence predictions, this

restriction results in 129 protein pairs having both interactors in the GO \biological

process" category. Out of these 129 pairs, 55 pairs have at least one such GO term in

common (presented in Table A.4). The statistical signi�cance of this result (p-value)

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

To further investigate the biological signi�cance of our predictions, we count how

many of our 251 predictions consist of proteins involved in the same KEGG pathway

(58). As of March 2009, there were 205 pathways for human in the KEGG database.

The number of genes involved in the same pathway varies greatly from 1 to 467,

with the average number of genes in the same pathway being 67 genes. Yu and

Finley (27) found that for their high con�dence scored dataset 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�dencepredictions, 26

(i.e., about 10%) correspond to pairs of proteins where bothproteins participate in

some of the KEGG pathways. Out of these 26 predicted interactions, 12 (i.e., about

46%) correspond to protein pairs participating in the same pathway (Table A.5).

Note however, that pathways have a \linear" structure in a PPI network, i.e., they are

\stretched" along long paths of proteins between receptorsand transcription factors.

Thus, the \end-nodes" of pathways (i.e., receptors at one end and transcription factors

at the other) can be far away in a PPI network (20). Since our method for predicting

PPIs is based on the PPI network's spatial embedding that relies on the proximity

of proteins along shortest paths in a PPI network, the \linearity" of pathways in

PPI networks implies that our method is not geared towards predicting interactions

belonging to the same pathway. Nevertheless, our success rate for predicting such
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interactions is about 5%, which is particularly encouraging given the fact that only

about 10% of all PPIs in a PPI network belong to the same pathway (27).

Finally, we use literature search and text mining service CiteXplorer (59) to �nd

out how often protein pairs that correspond to our high con�dence predictions are

mentioned in the abstract of the same paper in PubMed. For 32 of our 251 predictions,

CiteXplorer found at least one article mentioning both proteins simultaneously.

3.6 Comparison with other methods

High levels of inherent noise in experimental techniques for detecting protein-protein

interactions has stimulated the development of computational techniques for assessing

their con�dence levels and prediction of new interactions.In the realm of interaction

prediction, some approaches use only primary structure of proteins, or protein domains

(24; 22; 60; 61; 23). Others exploit features such as messenger RNA co-expression,

co-essentiality, and co-localization of proteins (25). There exist approaches that use

protein structure, functional annotation, co-localization information, etc. (26). These

computational techniques usually have better accuracy than high-throughput experi-

ments. For example, PIPE (22) has sensitivity of 61% for detecting any yeast protein-

protein interaction with 89% speci�city. However, computational requirements for

this algorithm do not allow for large-scale computational experiments (evaluating the

reliability of every possible link). Other approaches, such as PreSPI (24), also have

good speci�city of 73.20% and sensitivity of 96.77%. Table 3.1 presents commonly

used methods for predicting protein interactions (24; 22; 60; 61; 23). Note that most

of them are sequence-based, or utilize information such as functional annotation. As

Table 3.1 shows, our method has higher sensitivity than methods which utilize only

sequences (22; 24; 23). When additional information (such as functional annotation,

biochemical properties of proteins, etc.) is available other methods might outperform

our approach. However, this additional information is available only for a limited set
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of proteins which signi�cantly limits application of thesemethods. It is important to

note that our method does not need any particular knowladge about individual pro-

teins (even sequences) and therefore is a novel and independent source of information

about PPI interactions.

There exist techniques that can be utilized to remove false positives from the ex-

isting data without predicting novel interactions (28; 27). Sometimes such approaches

are based on logistic regression and require several PPI data sets originating from

di�erent experiments; they are able to detect parts of PPI networks of the highest

quality by using overlaps of the data sets. Although these techniques can be used to

propose high quality PPIs, the completeness of the data still remains an issue and can

be resolved only by combining multiple experimental datasets, or by additional wet-

lab experiments. Since, at the time of writing this thesis, there does not exist a gold

standard PPI network for any organism, it is hard to judge which of the interactions

from those reported by these methods to be of low-con�dence are true interactions

and which are false-positives. The same, is true for our method. Hence, we believe

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

Similar to our method, there exists a technique for predicting novel PPIs based on

the topology of a PPI network (62). However, that approach isbased on a \maximal

clique" that potentially can lead to a higher rate of false positives than that of the

\spoke model" (28). Finally, Chen et al. (29) devised a topology-based algorithm

called IRAP to detect false positives and false negatives inyeast, 
y and worm. In their

work Chen et al. (29) focused only on Y2H-derived experimental datasets, whereas

the \HumanBG" network in the focus of our study contains PPIsderived from all

possible techniques (available in BioGRID) used to detect physical 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 networks de-noising see (63).

Our method uses only PPI network topology for detecting bothfalse positives
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and false negatives (predicting novel interactions). Unlike most of the methods for

detecting false positives, our algorithm does not require several PPI datasets. Also,

unlike most methods for predicting novel interactions, it does not need any a priori

information about individual proteins, such as binding domains, structure, function,

chemical properties, or sequence. On our testing set, we canachieve speci�city of 85%

and sensitivity of 90% (see ROC curves in Figure 3.2) and our method can be applied

to large-scale network experiments. This overall performance is better than that of

biological experimental techniques and is comparable to that of Yu and Finley (27).

However, while Yu and Finley only assess con�dence of the existing interactions, our

method is also capable of predicting novel ones (Table S7 on PLoS Computational

Biology website 2 ).

2http://www.ploscompbiol.org/article/info:doi/10.137 1/journal.pcbi.1000454
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Table 3.1: Computational methods for predicting protein-protein interactions.
Method Sensitivity Speci�city Input Comments

PreSPI (24) 77% 95% Learning set of protein se-

quence pairs known to be in-

teracting or non-interacting.

Protein sequences for interac-

tion prediction.

Requires a learning set with interacting and

non-interacting protein pairs containing di�er-

ent domains. Once the classi�er is trained, then

it requires as input only protein sequences of

protein pairs for which interaction is being pre-

dicted. Applied to yeast.

Ma et al.

(60)

91% 86% Training (i.e., learning) set

of protein sequence pairs

known to be interacting or

non-interacting. Protein

sequences for interaction

prediction.

Requires a training set with interacting and non-

interacting protein pairs. Requires Matlab seq-

tool for getting protein biochemical properties.

Once the classi�er is trained, then it requires as

input only protein sequences of protein pairs for

which interaction is being predicted. Applied to

yeast.

Lee et al.

(61)

94% 97% For both proteins that we

are checking for interaction:

1) Functional category; 2)

Co-localization; 3) Topology

within PPI network.

Application is limited only to protein pairs with

known functional and localization annotations.

Applied to yeast.

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

(23)

78%, 77%,

79%

37%, 65%,

62%

Training (i.e., learning) set

of protein sequence pairs

known to be interacting or

non-interacting. Protein

sequences for interaction

prediction.

Requires a training set with interacting and non-

interacting protein pairs. It is a protein domain-

based approach. It uses one of the following

three types of classi�ers: a) Decision tree, b)

Neural network c) MLE. This is why three val-

ues are reported for sensitivity and speci�city,

respectively. Applied to yeast.

Our

Method

90% 85% Protein-protein interaction

network.

Based solely on PPI network topology. Does

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 attempting to capture speci�c

sets of PPI network properties, or to mimic the way in which these 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 easy to generate graphs of very

di�erent local structures that have exactly the same degreedistributions. Therefore,

network models should use all of the available real network information, i.e., the entire

network connectivity information, not only some of the network properties, to learn the

structure of PPI networks. Using the new network embedding algorithm introduced by

Higham et al.(43) and previous work showing that geometric random graphsprovide a

good model for PPI networks(20; 36; 43), we have reduced the problem of constructing

a well-�tting model for PPI networks to a standard machine learning problem of

density estimation. Our newtrained geometric modeluses parts of PPI networks of

high quality to learn the network structure and uses this learned knowledge to generate

model networks with arbitrary numbers of nodes and edges. Our experiments show

that even if we use a learning PPI network from a simple eukaryotic organism (i.e.,

yeast) and then use our model trained in this way to model a PPInetwork of another
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higher eukaryotic organism (i.e., human), we get a substantial improvement in the �t

of our new network model to PPI networks over all other currently commonly used

random graph models. This suggest that PPI networks of even such distant species

as yeast and human exhibit similar structural properties.

Currently, noise is one of the biggest challenges in analyzing and modeling PPI

networks. We intentionally used only high con�dence data from the study by Collins

et al.(17) to learn real structural properties of PPI networks and thus to avoid learning

the properties of the noise in PPI networks. Once the data of such quality becomes

available for human and other species, it should be used to train species-speci�c mod-

els.

Our new network modeling approach can be applied not only to model PPI net-

works, but also to model other real-world networks. Since the distribution of points

in a metric space is crucial for properties of geometric graphs, by learning this dis-

tribution from real-world networks we can generate model networks with di�erent

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

4.2 PPI networks de-noising

As we mentioned in the previous section, many network modelswere proposed to

model PPI networks. In practice, most of them were used as null models to perform

statistical tests of the hypothesis based on the real-worldnetworks. Scale-free model

was also used to provide rough estimates of the interactomessizes. In Chapter 3,

we made a next step and demonstrated how well-�tting networkmodel, geometric

graphs, can be used to address an important practical problem - PPI network de-

noising. Although many computational approaches exist to address this problem, our

method is the �rst one based solely on a network model that does not 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 in3-dimensional space in the

cell in any way. Instead, the dimensions of the target space might correspond to

various bio-chemical properties. Our approach does not need information about what

the target space's dimensions represent, nor any knowledgeof space dimensionality.

Finding optimal dimensionality of this space and the bio-chemical meaning for the

dimension is an open research question.

52



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 our\high con�dence"

(with CS >= 0:975) predictions we found 12 in the HPRD database. To examinethe

statistical signi�cance of this result we need to answer thefollowing 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 database if we select

251 pairs of proteins in HumanBG network at random? We use thestandard model of

sampling without replacement to answer this question. The p-value we are interested

in equals to the area under the tail of the hypergeometric distribution:

p = 1 � F (x � 1jM; K; N ) = 1 �
x� 1X

i =0

�
K
i

�  
M � K
N � i

!

�
M
N

�

The parameters we need are:M is the total number of pairs in the HumanBG

network, K - number of interactions in the HPRD database,N - number of pairs we

sample and x=12 is the number of sampled pairs which are present in the HPRD. In

our case, since HumanBG has 7513 nodes, the total number of node pairs is 28218828.

The number of interactions in the HPRD database isK = 34119. And our p-value is
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then about 7:5 � 10� 8.

To examine the statistical signi�cance for sharing common GO terms, we again

used the standard model of sampling without replacements. Note, that in our analysis

we take into account only those protein pairs in which both proteins 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 component). The number of nodes

in HumanBG network annotated with at least one GO term which correspond to

\biological process" or \cellular component" is 6278 and the 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 isK = 7400424. Out of our 251 high

con�dence predictions 92 have at least one protein unannotated 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-value of this result is

then p = 1 � F (104j19703503; 7400424; 159) = 7:26� 10� 8. About 63% of these 105

predictions correspond to protein pairs which share more than 1 GO term in common.

Since \cellular localization" GO terms can be very general,it is likely that some

proteins can share the same cellular localization but do notinteract. Therefore, in our

next analysis we disregarded GO terms related to \cellular localization" and considered

only terms corresponding to the \biological process". In \HumanBG" network, there

are 5864 nodes annotated with such GO terms and the total number 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 complete data only for

K = 129 of them. Out of these 129 protein pairs, 55 pairs share atleast one GO term

which refers to \biological process". The statistical signi�cance of this result is then

p = 1 � F (54j17190316; 1354495; 129) = 1:4� 10� 8. About 45% of these 55 predictions

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

Figure A.1: Probabilistic densityp(edgejdist). x axis corresponds to distances between

pairs of nodes,y value of the density. Note, that in this plot normalization constant

1
p(dist ) from formula (7) in the main paper is not taken into account.
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Figure A.2: Probabilistic density p(nonedgejdist). x axis corresponds to distances

between pairs of nodes,y value of the density. Note, that in this plot normalization

constant 1
p(dist ) 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 nodes,y axis corresponds to the assigned con�dence scores.
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A.3 Supplementary Tables

Table A.1: Experimental techniques from BIOGRID capable ofdetecting 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

POP5 POP1

MEOX1 SOX10

CRSP8 MED8

THRAP6 MED8

MED31 MED8

GHRHR MLNR

RPP38 RPP25

DAZ1 DAZAP1

TNFRSF4 TNFRSF9

SURF5 CRSP8

SURF5 THRAP6

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 \biological process" or \cellular

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

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

term (GO:0008150 for biological process or GO:0005575 for cellular 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 the article on the PLoS

Computational Bilogy website (51).
O�cial Symbol A O�cial Symbol B Number

of shared

terms

Shared Terms

POU3F2 POU3F3 12 GO:0021799 GO:0021799 GO:0021799 GO:0021 869 GO:0021869 GO:0021869

GO:0045944 GO:0045944 GO:0045944 GO:0005634 GO:0005634 G O:0005634

CHRNA2 CHRNA5 8 GO:0030054 GO:0007165 GO:0005886 GO:0016021 GO:0045202 GO:0045211

GO:0006811 GO:0005892

CHRNA2 CHRNA3 8 GO:0030054 GO:0007165 GO:0005886 GO:0016021 GO:0045202 GO:0045211

GO:0006811 GO:0005892

GP5 GP9 7 GO:0007596 GO:0007155 GO:0031092 GO:0005886 GO:0 005886 GO:0005886

GO:0005887

CCL20 XCL1 6 GO:0005576 GO:0005615 GO:0007165 GO:0007267 G O:0006935 GO:0006955

SIM1 SIM2 6 GO:0006355 GO:0005634 GO:0030154 GO:0007165 GO :0007275 GO:0007399

SLC7A5 SLC7A8 6 GO:0005886 GO:0006520 GO:0006810 GO:00057 37 GO:0015804 GO:0015807

MAML2 MAML3 6 GO:0016607 GO:0045944 GO:0007219 GO:0006350 GO:0006355 GO:0005634

CCL19 CCL25 5 GO:0005576 GO:0005615 GO:0006935 GO:0006954 GO:0006955

SLC7A7 SLC7A8 5 GO:0005886 GO:0006520 GO:0006810 GO:00058 87 GO:0016323

DAZ1 DAZAP1 5 GO:0030154 GO:0007275 GO:0005737 GO:0005634 GO:0007283

SLC25A17 ABCD2 5 GO:0016020 GO:0005777 GO:0005778 GO:0005 887 GO:0006810

GOLGB1 BET1L 4 GO:0016020 GO:0005794 GO:0000139 GO:001602 1

MED18 MED8 4 GO:0006350 GO:0000119 GO:0005634 GO:0006355

CRHBP CRH 4 GO:0007565 GO:0007611 GO:0007165 GO:0005625

SIM2 AHRR 4 GO:0006355 GO:0007165 GO:0005634 GO:0005634

CCL20 XCR1 3 GO:0007165 GO:0006935 GO:0006954

PRIMA1 COLQ 3 GO:0030054 GO:0045202 GO:0042135

SLC7A10 SLC7A8 3 GO:0006810 GO:0005887 GO:0015804

UTY UTX 3 GO:0055114 GO:0005634 GO:0016568

RRM2B WWOX 3 GO:0005634 GO:0055114 GO:0005737

RRM2B PLAGL1 3 GO:0005634 GO:0006917 GO:0006917

CDH18 CDH19 3 GO:0005886 GO:0007156 GO:0016021

MED31 MED8 3 GO:0005634 GO:0000119 GO:0006355

EAF1 EAF2 3 GO:0016607 GO:0005634 GO:0006355

PDCD6 ALG2 3 GO:0016020 GO:0005634 GO:0051592

MKL1 ETV4 3 GO:0045941 GO:0005634 GO:0006355

PXMP4 ABCD2 3 GO:0016020 GO:0005777 GO:0005778

NR6A1 JMJD2A 3 GO:0006355 GO:0005634 GO:0006350

NR6A1 NR1D1 3 GO:0006355 GO:0005634 GO:0006350

NR6A1 NR1D2 3 GO:0006355 GO:0005634 GO:0006350

ABCD2 PEX11A 3 GO:0016020 GO:0005777 GO:0005778

ABCD2 PEX11B 3 GO:0016020 GO:0005777 GO:0005778

ABCD2 PEX16 3 GO:0016020 GO:0005777 GO:0005778

ABCD2 PEX3 3 GO: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 \biologicalprocess". In this analysis

we take into account only those protein pairs in which both proteins are annotated with

at least one GO term which is not a root term (GO:0008150 for biological 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 of the article on the PLoS

Computational Bilogy website (51).
O�cial Symbol A O�cial Symbol B Number

of shared

terms

Shared Terms

POU3F2 POU3F3 9 GO:0021799 GO:0021799 GO:0021799 GO:00218 69 GO:0021869 GO:0021869

GO:0045944 GO:0045944 GO:0045944

SIM1 SIM2 5 GO:0006355 GO:0030154 GO:0007165 GO:0007275 GO :0007399

CCL20 XCL1 4 GO:0007165 GO:0007267 GO:0006935 GO:0006955

SLC7A5 SLC7A8 4 GO:0006520 GO:0006810 GO:0015804 GO:00158 07

MAML2 MAML3 4 GO:0045944 GO:0007219 GO:0006350 GO:0006355

CCL19 CCL25 3 GO:0006935 GO:0006954 GO:0006955

CCL20 XCR1 3 GO:0007165 GO:0006935 GO:0006954

CRHBP CRH 3 GO:0007565 GO:0007611 GO:0007165

DAZ1 DAZAP1 3 GO:0030154 GO:0007275 GO:0007283

CCR6 XCL2 2 GO:0007165 GO:0006935

SLC7A11 SLC7A7 2 GO:0006810 GO:0006865

SLC7A10 SLC7A8 2 GO:0006810 GO:0015804

SLC7A7 SLC7A8 2 GO:0006520 GO:0006810

UTY UTX 2 GO:0055114 GO:0016568

RRM2B PLAGL1 2 GO:0006917 GO:0006917

TESK1 TESK2 2 GO:0006468 GO:0007283

CHRNA2 CHRNA5 2 GO:0007165 GO:0006811

CHRNA2 CHRNA3 2 GO:0007165 GO:0006811

MED18 MED8 2 GO:0006350 GO:0006355

MKL1 ETV4 2 GO:0045941 GO:0006355

GP5 GP9 2 GO:0007596 GO:0007155

SIM2 AHRR 2 GO:0006355 GO:0007165

NR6A1 JMJD2A 2 GO:0006355 GO:0006350

NR6A1 NR1D1 2 GO:0006355 GO:0006350

NR6A1 NR1D2 2 GO: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 to the \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

COX4I2 CYC1 hsa00190; hsa05010; hsa05012 Oxidative phosph orylation; Alzheimer's

disease; Parkinson's disease

2

GP5 GP9 hsa04512; hsa04640 ECM-receptor interaction; Hema topoi-

etic cell lineage

7

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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