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Protein Interaction Networks and
Their Statistical Analysis

1.1 Introduction

A major aim of post-genomic biology is to provide a complatstems-level snapshot of the
cellsin an organism. This requires not only a detailed deton of the different components
of a cellular system, but also a deep understanding of hogetikomponents interact with
each other. During the last few years large scale genomeseipg projects and advances
in protein analysis technologies have gathered a huge dataf he components of living
systems. The focus now is on developing successful modelkeofnteractions of these
components that can explain real living systems.

Protein-protein interactions (PPI) are the corner-stdmaast biological processes taking
place in cells. Recent advances in high throughput interactetection techniques have led
to the elucidation of substantial parts of the entire probeieraction set for several species.
These large datasets of interactions can be convenieptigsented in the form of networks,
where the nodes represent proteins and edges represeatiiues.

Given this data, some pertinent research questions are:

1. How do these networks work? How can a network be manipiiaterder to prevent,
say, tumor growth?

2. How did these biological networks evolve? Could mutatiffiect whole parts of the
network at once?

3. How similar are these networks? How much can we infer filoerRP| network of one
organism to those of other organisms?

4. How are these networks linked with other networks, sugjeag interaction networks?

5. What are the building principles of these networks? Howesdience and flexibility
achieved?

In order to attack these questions we first focus on

1. How to best describe networks?
2. How to compare networks from related organisms?

3. How to model network evolution?

This is a Book Title Name of the Author/Editor
@© XXXX John Wiley & Sons, Ltd




2 Protein Interaction Networks

4. How to find relevant sub-structures of a network?
5. How to predict functions from networks?
6. How to infer and validate edges?

In the following sections, we first introduce proteins aneithinteractions (Section
1.2), experimental techniques to detect them and the highofafalse-positives and false-
negatives. Section 1.3 covers network descriptions andehfitting. Approaches for the
comparison of networks across species are discussed ioisgat, and Section 1.5 discusses
evolution in networks. Community detection, and the ideation of relevant sub-structures
in a network, is found in Section 1.6, and Section 1.7 costairediction using network
structure as well as validation and inferring of edges. Wechale with a brief overview of
current and future research directions.

1.2 Proteins and their interactions

Proteins are the most versatile macromolecules in livirsgesys and serve crucial functions
in most biological processes. For example, they functiaragalysts, transport and store other
molecules such as oxygen, provide mechanical support amiira protection and control
growth differentiation. Proteins are linear polymers bofl monomer units called amino
acids. They fold up into three-dimensional structures #ratthought to be determined by
the sequence of amino acids in the protein polymer (Berg 2086).

1.2.1 Protein structure and function

Due to interactions between the chemical groups on amindsaa few characteristic
patterns occur frequently within folded proteins. Thesireng shapes are called secondary
structure, and they occur repeatedly as they are partigsi@ble (Banden and Tooze 1991).
The two most commonly occurring secondary structures azeatbha-helix and the beta
strand. These are both highly regular local sub-struct(ifegure 1.1). The term tertiary
structure is used to refer to the three-dimensional stractd a single protein molecule.
This final shape is determined by a variety of bonding intiivas between the amino acids.
The tertiary structure of a protein is thought to determisefunctionality. Some proteins
also possess quaternary structure which involves the iasi®ocof two or more polypeptide
chains into a multisubunit or oligomeric protein. The papgide chains of an oligomeric
protein may be identical or different.

Figure 1.1 Protein structure : (A) Secondary structure elements and (B) Tertiargtare.

From the biological perspective, the function of a protein the most important
characteristic, which in turn is determined to a large exgrits structure. Although proteins
can often be classified into functional groups, many pretean carry out multiple functions
dependent on the cellular context. Some major classificatioclude enzymes, antibodies,
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transport proteins, hormones, signalling proteins anactiral proteins (Berg et al. 2006).
Proteins can interact with each other and with other mactecntes to form complex
assemblies. The proteins within these assemblies oftersyawrgistically to generate
capabilities not afforded by the individual component piog. These assemblies include
macromolecular machines that carry out the accurate egjgit of DNA, the transmission
of signals within cells and many other essential processes.

1.2.2 Protein-protein interactions

Most proteins function through interaction with other nwmikes, and often these are other
proteins. There is an important distinction between tiemtsand obligate protein interactions.
Many proteins exist as parts of permanent obligate complsweh as multi-subunit enzymes,
which may often fold and bind simultaneously. Other intémacs are fleeting encounters
between single proteins or larger complexes. These incimyme-inhibitor, hormone-
receptor, and signaling-effector types of interactioniisTdistinction is not always well
understood, and the classification is sometimes difficulb{&&ris and Weng 2005).

The interactions between proteins are important for maolpgical functions and operate
at almost every level of cell function including in the stiwe of sub-cellular organelles, the
transport machinery across the various biological mengsapackaging of chromatin, the
network of sub-membrane filaments, muscle contractiomasigansduction and regulation
of gene expression (Huthmacher et al. 2008). Thus, thedztion of protein interactions is
a central problem in biology today. Unless we understancctimplex interaction patterns
of the tens of thousands of proteins that constitute oureproe, we cannot hope to even
attempt to efficiently combat some of the most importantaliss, let alone gain an integrated
understanding of the living cell.

1.2.3 Experimental techniques for interaction detection

Given their importance, there has been a surge in studiestdip interactions during the
last decade. Some of the initial experiments focused onl smalspecific sets of interactions
of interest to a particular research group, and were cheriaet! by repeated observations.
However the sheer scale of the number of possible intersctisat proteins in a cell may
undergo soon made researchers worldwide realise that #rerprobably more different
possible interactions than there are researchers in theTieus, high throughput approaches
for the elucidation of protein-protein interactions haapidly gained appreciation.

A few of the most popular and widely used experimental tephe$é are summarised
below. These approaches differ widely in the quality anchgjtyaof interaction data reported.
Moreover, large scale studies using these methods shtaditerlap with each other.

Yeast two hybrid

The two-hybrid system is a genetic method that uses tratsmral activity as a measure of
protein-protein interaction (Chien et al. 1991). Two hghproteins are created: one is a bait
protein of interest fused to a DNA-binding domain and thesots a prey protein fused to
a transcription activation domain. These two hybrids aemthxpressed in a cell containing
one or more reporter genes. If the bait and prey proteinsaotethis can be detected by
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expression of the reporter genes. While the assay has beerafigperformed in yeast cells,
it works similarly in mammalian cells. If all proteins in arggme are treated as prey and bait
in pairwise tests, all possible interactions can be probéé. main criticism applied to the
yeast two-hybrid screen of protein-protein interactianthie possibility of a high number of
false positive (and false negative) identifications. Thecexate of false positive results is not
known, but estimates are between 35 and 70% (Hart et al. 2006)

Tandem affinity purification

The two-hybrid system uses binary combinations to expleedriteraction space of a set of
proteins. A different strategy to solve this problem is toifyuall protein complexes from a
living cell, subsequently characterizing their constituparts. This is the strategy that lies
at the heart of tandem affinity purification (TAP)-taggingpegaches. First the nucleotide
sequence encoding the TAP tag is inserted at the end of the @aeling frame to be
investigated. A column with immunoglobulin beads wouldinethe TAP-tagged protein and
associated complexed proteins. The complex is then pugfieidseparated to its constituent
protein parts and analysed on a mass spectrometer (Puig 20Gl). With the help of
software, peptide sequences and protein identities am@ngat from mass spectrometry.
Compared to the yeast two hybrid system, TAP is thought te hawer false negative rates
(15%), and a false positive rate of 35% (Hart et al. 2006).

Co-immunoprecipitation

One of the most common and rigorous demonstrations of pr@ieitein interaction is
the co-immunoprecipitation (Co-1P) of suspected compek®m cell extracts. Co-IP
confirms interactions utilising a whole cell extract whenmotpins are present in their
native conformation in a complex mixture of cellular compots that may be required
for successful interactions. An antibody specific to thet padtein is used to extract the
complex of interest. This complex is purified and then evaldaising SDS-PAGE followed
by Western blotting with specific antibodies (Phizicky aniélés 1995). Although very
accurate, Co-IP can only determine the interaction betweerpair of proteins at a time.

1.2.4 Computationally predicted data-sets

Parallel to experimental efforts, a number of computationethods have been developed
for the prediction of protein interactions. Complete gerosequencing projects provide
the vast amount of information needed for these analysesnidthods utilize the genomic
and biological context of genes in complete genomes to grédlictional linkages between
proteins. Given that experimental techniques remain esipentime-consuming, and labour-
intensive, these methods represent an important advampeetgomics.

One of the first methods for predicting protein-protein fatgions from the genomic
context of genes utilizes the idea of co-localisation, aregeeighbourhood. Such methods
exploit the notion that genes which physically interactga functionally associated) will be
kept in close physical proximity to each other on the gendBwevers et al. 2004; Overbeek
et al. 1999; Tamames et al. 1997). This method has been sfigitesised to identify new
members of metabolic pathways (Dandekar et al. 1998).
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Another method exploits the co-occurrence of homologolrs p genes across multiple
genomes. The fact that a pair of genes remains togethersaonasy disparate species
represents a concerted evolutionary effort that suggeststhese genes are functionally
associated or physically interacting. The analysis of phghetic context in this fashion has
been termed phylogenetic profiling (Pellegrini et al. 199%)is method has been used not
only to infer physical interaction, but also to predict tlelalar localisation of gene products
(Bowers et al. 2005; Marcotte et al. 2000).

Methods using the analysis of gene fusion across completenges have also been
proposed (Enright et al. 1999; Marcotte et al. 1999). A garsioh event represents the
physical fusion of two separate parent genes into a singlki-fonctional gene. This is
the ultimate form of gene co-localisation as interactingegeare not just kept in close
proximity on the genome, but are also physically joined a&ingle entity (Skrabanek et al.
2008). These events are detected by cross-species sequenparison and provide a way
to computationally detect functional and physical intémats between proteins. Although
the method is not generally applicable to all genes, it has lsown to have an accuracy
as high as 90% and has been successfully applied to a largeenwhgenomes, including
eukaryotes (Enright and Ouzounis 2001).

It must be noted that all of these methods use some expedindaiia sources and as a
result, they all suffer from the limitations of experimerapproaches and incompleteness of
observed data. Moreover, many of these techniques detectidnal associations between
proteins that do not necessarily indicate physical intéoas.

1.2.5 Protein interaction databases

As a consequence of the experimental and computationabagipes providing data about

interacting proteins on a genome- and proteome-wide ssal@ral research groups have
made an important effort in designing and setting up datshashe interaction data in these
databases usually results from the integration of divease skts. Public databases of protein
interactions include:

Biomolecular Interaction Network Database - BIND (Badealef001);

Database of Interacting Proteins - DIP (Xenarios et al. 2002

General Repository for Interaction Datasets - GRID (Breititz et al. 2003);

Molecular Interactions Database - MINT (Zanzoni et al. 2002

Search Tool for the Retrieval of Interacting Genes/PrateiB TRING (Mering et al.
2003);

e Human Protein Reference Database - HPRD (Keshava Prask@@09).

The structure and type of data that these databases cosgmilar, but not identical. Most
of these databases contain protein-protein interactioa daly, though MINT and BIND
also feature interactions involving non-protein entigesh as promoter regions and mRNA
transcripts. DIP is probably the most highly curated detelud protein interactions. Curation
in DIP is carried out manually by experts and also automiyiassing computational
approaches.

The sheer volume of interaction data available in thesebdats poses many challenges
along with opportunities. On the one hand, such large scalle dan enable one to infer
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large scale properties of cellular systems. On the othed,ithe data has to be presented and
analyzed in a manageable framework.

1.2.6 Errorin PPI data

Recent estimates suggest that the full yeast proteinipratéeraction network contains
37,800-75,500 interactions and the human network 1543830000 (Hart et al. 2006), but
owing to a high false negative rate, current experimenttd dats are roughly only 10 to 50
percent complete. Analysis of yeast, worm, and fly data atdigthat 25 to 45 percent of the
reported interactions are likely false positives (Huangle2007). Membrane proteins have
higher false-discovery rates on average, and signal tuatisth proteins have lower rates.
The overall false-negative rate ranges from 75 percent &smato 90 percent for fly, which
arises from a roughly 50 percent false-negative rate dugatistical under-sampling and a
55 to 85 percent false-negative rate due to proteins thataagp be systematically lost from
the assays (Huang et al. 2007).

Error rates for large-scale PPl datasets can estimated watignally using methods
like the expression profile reliability (EPR) index and pagaus verification method
(PVM) (Deane et al. 2002). The EPR index estimates the bicédly relevant fraction
of protein interactions detected in a high throughput stréedoes so by comparing the
RNA expression profiles for the proteins whose interactiaresfound in the screen with
expression profiles for known interacting and non-intengcpairs of proteins. PVM judges
an interaction likely if the putatively interacting pairhaaralogs that also interact. More
recent methods such as IG1, IG2 (Saito et al. 2002, 2003)RAE (Chen et al. 2005) use
network structure in assessing individual interactioratslities.

Current PPI networks are, therefore, a sample of the compétvork. Biases in sampling
could lead to even more drastic differences between the letenpetwork and the sub-sample
that we observe. Even data derived from high-throughpulisstare not an unbiased sample
of the complete network; rather, they are biased towardeprstfrom particular cellular
environments, toward more ancient, conserved proteinsaavettd highly expressed proteins
(von Mering et al. 2002). Current interaction maps repretiaa first steps on the way to
accurate networks, and should continue to improve in acgwaad sensitivity with time.

1.2.7 The interactome concept and protein interaction neka/o

The compendium of all molecular interactions present itsdel called theinteractome
When spoken in terms of proteomics, interactome refers tetiiee set of protein-protein
interactions for a species. Due to limitations of currenbwiedge, the experimentally and
computationally determined set of protein interactionailable in databases is a subset of
the real interactome. Still, the sheer number of known fmdtgeractions makes even the
simplest analysis a difficult task. It has therefore becomsime to represent this data in
the form of protein interaction networks. A protein intdfan network can summarize large
amounts of interaction data in the form of graphs, with greteas nodes and interactions
as edges. The networks are undirected, and may be weightedw@ights of the edges
could represent the confidence level for the interactiopi¢glly based on the experimental
or computational method used to detect that particularacten). A distinct advantage of
such a representation is the visual and computational eaksecting higher level structures
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in interaction data. For instance, many biological proessae a result of more than two
proteins acting in sequential pathways or simultaneousiyning multi-protein complexes,
which can be identified relatively easily in a network.

1.3 Network analysis

Computational analysis of PPl networks makes extensiveiugeph theoretical techniques
and concepts from literature on random networks. In theWdhg sections, we introduce
some basic terminology and present several methods assvalbdels for network analysis.

1.3.1 Graphs

A graph consists ofnodes(also calledverticeg and edges(also callediinks). Nodes may
possess characteristics which are of interest (such asiprstructure or function). Edges
may possess different weights, depending on for exampesttiength of the interaction or
its reliability. Mathematically, we abbreviate a graph@s= (V, E), whereV is the set of
nodes and¥ is the set of edges. We use the notatjShto denote the number of elements
in the setS. Then|V| is the number of nodes, and| is the number of edges in the graph
G. If w andv are two nodes and there is an edge freto v, then we write thafu, v) € E,
and we say that is a neighbourof «; andu andv areadjacent If both endpoints of an
edge are the same, then the edgel®a. In general in PPI networks, we exclude self-loops
as well as multiple edges between two nodes. Edges maiireéetedor undirected here
we shall mainly deal with undirected edges. While some asthssume that, in contrast to
graphsnetworksare connected, here we make no such assumption and usentisegterph
and network interchangeably.

1.3.2 Network summary statistics

Although large networks are typically high dimensional @aothplex objects, many of their
important properties can be captured by calculating redbtisimple summary statistics. One
of the most is the average degree. Tegreeleg(v) of a single node is the number of edges
which are adjacent to. Theaverage degreef a graph is then the average of its node degrees.
In protein interaction networks it has been found that th&t waajority of nodes have low
degrees, whereas a few nodes are highly connected (Figt)reThis apparent similarity to
the power law distribution prompted the popular classiftcabf PPI networks ascale-free
(Barabasi and Oltvai 2004; Jeong et al. 2001), althoughespumnt studies have challenged
this view (de Silva et al. 2006; Lima-Mendez and van Helded®@Tanaka et al. 2005).

The clustering coefficienfor a graph measures the tendency of the formation of tightly
connected groups of nodes. Two versions of the clusteriefficient are in use: The global
clustering coefficient is defined as the number of closedetspof nodes in the network
divided by the total number of triplets. The local clustgrioefficient is defined for single
nodes and is defined as the number of links existing betweeneighbours of node divided
by the total number of possible links; for notith k; neighbours in its se¥; of neighbours,
the clustering coefficient; is

2/{(vj,vr) € E : vj,v; € N;}|

G = ki(ki — 1)
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Theshortest path lenggtandaverage shortest path lengttia graph are also commonly used
summary statistics, where path length is defined as the nuafleziges traversed to reach
a target node from a source node. Other popular summarikslethebetweenness of an
edge (or node)which counts the proportion of all the shortest paths in tbevork which
pass through this edge (or node). For a comprehensive refignaph summary statistics,
see for example Luciano et al. (2007).

Figure 1.2 Frequency of node degrees (k) in the yeast DIP network (accdaged010)

A comparison of yeast and human interaction networks inégcaery similar clustering
and path-length statistics, despite the difference in @aéle 1.1). To judge whether these
difference are significant, network models are needed (setos 1.3.4).

Table 1.1 Summary statistics for yeast DIP and human HPRD
protein interaction networks. Data downloaded from DIP and HPRD
on 15 July 2010.

Summary Statistic Yeast DIP Human HPRD
Nodes 4823 12937

Edges 17471 43496

Avg. Degree 6.10 6.72

Avg. Clustering Coefficient 0.1283 0.1419

Avg. Shortest Path 4.14 4.40

1.3.3 Network Motifs

In addition to considering general graph summary stasistihqas proven fruitful to describe
the smaller-scale structure of networks in termssobgraphsand motifs Given a graph
G = (V,E), asubgraplGs = (Vs, Eg) consists of a subset of nodés C V and a subset
of edgestls C E connecting the nodes &f in the original graph. The subgraph induced by
Vs is the subgrapld- s that includes all the edges 6f which connect the vertices dfs. A
motif is commonly defined as a subgraph with a fixed number dés@nd a given topology
that appears more often in a graph than expected by chaneeovEr-representation of a
subgraph is established on the basis of its frequency cadparthe average frequency
of the same subgraph in a set of random networks (either barsead suitable model or
generated by shuffling the the edges of the original netwdritenkeeping the same degree
distribution). A motif of sizek, i.e. containing: nodes, is called &-motif. As the number of
possiblek-motifs grows very fast with, only small sizek-motifs have been studied in PPI
networks. The two most commonly studied motifs in the conté® Pl networks areliques
i.e. complete subgraphs, ahetores i.e. graphs where every node has the degree atieast
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The enumeration of cliques artdcores in particular has been used as a method of detecting
protein complexes and functionally related proteins intgirointeraction networks. Apart
from PPI networks, motifs have also been found to be preseggmne regulatory, metabolic
and transcription networks (Alon 2006).

Figure 1.3 Some examples of motifs: (A) Line, (B) Triangle, (C) Square and {[Dpée clique

There is a large body of literature on network models in diffe fields from physics to
sociology to the internet and biology (Alm and Arkin 2003;rDgovtsev and Mendes 2003;
Wasserman and Faust 1995). In the next section, we presmet emdom network models
used to model protein interaction networks. Unfortunatelysome research questions none
of these models provide a good fit for the data (Rito et al. 201€ there may be research
areas or new data which make these models relevant.

1.3.4 Models of random networks

In order to judge whether a network summary is "unusual” oetlier a motif is "frequent”,
there is an underlying assumption of randomness in the mketWo understand mechanisms
which could explain the formation of networks, mathematinadels have been suggested.
The main models, discussed elsewhere in this volume, atly fBernoulli or Erdds-Renyi
(ER) random graphqgErdos and Renyi 1960), with a finite node set and independent
identically distributed edges; a variant is the random graypdelG (n, m) with n nodes and
m edges chosen uniformly at random from @) = in(n — 1) possible edgesBarabasi-
Albert (BA) model¢Barabsi and Albert 1999) start with a small complete graygw nodes
attach to existing nodes with probability proportional & ffower of) the degree of the
existing node, resulting in an asymptotic power-law deglis&ibution.Erdés-Renyi Mixture
Graphs also known adatent block modelén social science (Nowicki and Snijders 2001)
assume that nodes are of different types, edges are indeperahd the probability for
an edge varies depending on the type of the nodes at its emnidpéinother set of models
are exponential random graphp{) modelswhere all edges of the network are modelled
simultaneously, making it easy to incorporate dependehegariation of the ER model is an
ER graph with fixed degree distribution, abbreviaeRl-DD. For a given real graph as input,
an ER-DD graph is constructed to have not only the same nuailmedes and edges as the
input graph, but also the same degree distribution. Fingdgmetric random graph models
(GEQUD) have also been proposed (Penrose 2003), which are caestriog droppingn
nodes randomly uniformly into the unit square (or more galheaccording to some arbitrary
specified density function oti-dimensional Euclidean space) and adding edges to connect
any two nodes distant at masfrom each other.

The above models were initially proposed in non-biologicahtexts. While studies
suggest that they are able to reproduce some coarse pegpeftbiological networks, it
is difficult to relate their growth mechanisms to real bidtzd systems. This has led to the
proposal of models specifically aimed at protein interactietworks. For instance, although
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the Baralasi and Albert class of models proposes a preferential tattant rule resulting
in a power-law degree distribution observed in proteinraxtgon networks, the underlying
reason for preferential attachment is unclear. A more bicklly plausible mechanism is
geneduplication and divergencéDD) (Ispolatov et al. 2005a), where nodes are randomly
selected and copied along with their links (Figure 1.4).Ha DD model, the degree of a
node increases mainly by having duplicate genes as itsineighk. Therefore, the preferential
attachment rule is achieved implicitly, with highly contestt nodes having more chance to
have duplicate genes as their neighbours. DD models have $femvn to closely model
the degree distribution observed in real protein netwoBwampiev and Isambert 2007).
The DD model is also shown to generate hierarchically moduédworks under certain
conditions. If self-interactions (homo-oligomers) aregia into consideration, the DD model
gives rise to networks with patterns of clustering and albmned of cliques similar to those
found in natural networks (Ispolatov et al. 2005b).

Figure 1.4 Duplication divergence model. The duplicate node (blue) loses some ofitjinal links
and creates new links.

While the basic duplication divergence model remains byhfamntost widely accepted one
in protein interaction network literature, some recentli&s have proposed enhancements
such as mixture models combining DD and preferential attexstt (Ratmann et al. 2007).
Alternatives to the DD model have also been investigateduding a crystal growth model
that captures the age-dependency of interaction dengitygipeast interaction network along
with hierarchical modularity (Kim and Marcotte 2008).

1.3.5 Parameter estimation for network models

In most of these models it is necessary to estimate parasnéteER graphs, where the
unknown parameter is the edge probability, this probahdi#n be estimated using standard
maximum likelihood, yielding thgyraph densityas an estimate. The graph density is the
number of edges that are present in the network, divided éydtal possible number of
edges in the network. In th&(n, m) version, once the number of nodes and the number
of edges are observed, no parameters are to be estimatedratafi-Albert models, the
parameter include the power exponent for the node degrem;casring in the probability
for an incoming node to connect to some node already in theankt and the size of
the initial complete graph. Estimation depends on the pesonodel formulation - the
general Barahsi-Albert model does not specify the joint distributioredfyes. In exponential
random graphs, unless the network is very small, maximugiifiood estimation quickly
becomes numerically unfeasible. Instead, Markov chaintil@arlo estimation is employed.
Unfortunately in exponential random graph models it is kndhat in some small parameter
regions the stationary distribution of the Markov chainas$ anique.

To assess the model fit, the distribution of a network statistder the model of choice can
be used to see whether the observed value of the networktitati unusual. This could be
carried out by establishing the (asymptotic) distributddthe network statistic of choice and
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finding thep-value of the observed statistic, or by using Monte Carltstd=or example, Lin
and Reinert (2009) showed that in ER graphs and generalisatrhich include Erdls-Renyi
mixture graphs, the number of triangles and the number areguare asymptotically Poisson
distributed if the edge probabilities are small, and asytiqally normally distributed when
the edge probabilities are moderate, with non-trivial carece matrix.

As full-likelihood based parameter estimation is often pomationally intractable for
even moderate-sized networks and relatively simple elaslaty models, studies of protein
network growth models have mostly been restricted to comgathe observed degree
distribution to a probability model for the degree disttibn. Ratmann et al. (2007)
developed a novel, model-based approach for Bayesianeimderon biological network
data that centres oApproximate Bayesian Computati¢ABC, see Section 1.3.6). Instead
of computing the intractable likelihood of the protein netlw topology, their method
summarizes key features of the network and then uses a MClitdm to approximate
the posterior distribution of the model parameters. This waed to fit a mixture model
that captures network evolution by combining preferensiithchement and duplication
divergence with attachment, to data frételicobacter pyloriandPlasmodium falciparum

Fitting this above model using ABC indicated that gene digtion has played a larger
part in the PPI network evolution of the eukaryote than ingtekaryote.

1.3.6 Approximate Bayesian Computation

In standard Bayesian inference the posterior distributioa paramete$ is given by
P(6|D) < P(D|0)w(0).

Here 7 is the prior distribution fo, D are the data, ané(D|0) is the likelihood of the
data D given the parametef. When simulating from sufficiently complex models and
large data sets, the probability of happening upon a simomlaun that yields precisely
the same dataset as the one observed will be very small, oftaoceptably so. This is
especially true in the case of network data, where it is gaéampossible to simulate a network
with exactly the same topology as the data-set. The exmi@luation of the likelihood
P(D|0) is avoided inApproximate Bayesian Computation (ABfpproaches by considering
distances between observations and data simulated fromdelmith parametef. Rather
than considering the data itself, we consider a summangttatf the dataS(D), and use a
distanceA(S(D), S(X)) between the summary statistics of real and simulated datnd
X, respectively. The generic ABC approach to infer the past@robability of a parameter
0 is as follows:

1. Sample a candidate parameter veétofrom some proposal distribution.

2. Simulate a dataset X from the model with paraméter

3. IfA(S(D), S(X)) < e then accepf* as a sample from the posterior.
For e sufficiently small, the ABC procedure should deliver a gopdraximation to the true
posterior, in particular if the summary statistic S is a sidfit statistic of the probability

model. If sufficient statistics do not exist or are hard toaiit setting up a satisfying and
efficient ABC approach can be challenging.
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The generic procedure outlined above can be computatjoridifficient but ABC
procedures can be combined with standard computationabagipes used in Bayesian
inference such as Markov chain Monte Carlo and sequentiaht&Carlo. In these
frameworks ABC can be used to tackle otherwise computdtipimiractable problems. For
a review of ABC see for example Beaumont (2010).

1.3.7 Threshold behaviour in graphs

It is widely believed that there is a correspondence betwagological motifs or subgraphs
in PPI networks and biologically relevant functional makil(Bachman and Liu 2009;
Hartwell et al. 1999; Spirin and Mirny 2003). Thus rigorousedretical studies of the
conditions under which certain subgraphs might arise argreét interest. For a graph
G(n,m) with n nodes andn edges, many theoretical properties change dramatically in
narrow range ofn, which lead to the concept of threshold functions (ErdosRenyi 1960).
LetG, f(n) be afamily of random graphs induced hyumber of nodes anfi(n) a function
that gives edges according to the specific mode)) 1§ a graph property?(Q) denotes the
probability thatG:), ;) has or belongs t@). We say that almost every graphd#, ;) has
the propertyQ if P(Q) — 1 asn — oo. For a given monotone increasing propegty(such
as the appearance of a certain subgraph), we define a thddshationt(n) for @ as any
function which satisfie®(Q) — 0 if {((:)) —0andP(Q) — 11if f((:)) — 00

Threshold functions for the ER model are not unique althaihgly are so within certain
factors (Bollobas 2001). For the ER mod&{n, M (n)), with f(n) = M(n) it is possible to
show that the threshold function for the property of coritajra fixed, non-empty graph is
n?~2/m wherem = m(F) is the maximum average degreefo{Bollobas 2001).

For the ER modeti(n, M (n)) it is possible and more informative to calculate the graph
density such that the expected number of copies of a givegrapbF' is approximately 1.
For a subgraph on vertices withe edges, the approximate expected count for the subgraph

under the ER modet(n, M (n)) with p = p(n) = M(n) .

M "

v

E(number of occurrences) = A := (Z) pt(1— p)(Q)_e ~ np¢ /vl

for small p. When the number of occurrences is well approximated by esBoiprocess, as
in the case for balanced grapt#¥no occurrence of subgraph) ~ 1 — e~ ~ X and hence
the threshold function and the expectation formula coiecid

Threshold functions for other models are not so well undert but Goel et al. (2005)
have shown that every monotone graph property has a threshajeometric random
graphs, generalising a similar result by Friedgut and K@eb6) for ER graphs. One can,
nonetheless, calculate approximate threshold valuetiéoappearance of induced graphlets
with k vertices. This is based on the fact that for a random geoengtaph placed in
R? with n vertices and a radius, the k-vertices subgraph count satisfies a Poisson limit
when the product*r4*~1) tends to a finite constant (Penrose 2003). Choosisgch that
nFrdk=1) — 1 then gives an approximate threshold value. To translagewuer into a
graph density, we use that the radiusan be related to the expected average degrbg



Protein Interaction Networks 13

using the gamma functiof(x) (Dall and Christensen 2002),

)

Usingr such that*r4(*—1) = 1 and solving for in (1.1) approximates the threshold graph
densityp asp = an/2(3).

While threshold behaviour has been almost exclusively stlidi theoretical models so far,
in a recent paper Rito et al. (2010) show that PPI networksitwated in a region of graph
density close to the threshold behaviour in ER and GEO3D tsolfeast has about 6600
protein-coding genes and is predicted to have about 25600&Binteractions (Stumpf et al.
2008); such a network would have a graph density betweeri0.86d 0.0016. For human,
estimates of about 25000 genes (Human Genome Project) &@®teractions (Stumpf
et al. 2008) would also lead to graph densities around 0B6th these networks would be
placed in the threshold region for the appearance of spdgfies of motifs under the ER
model. As the authors subsequently show, GDDA (see Sectibh)which is a widely used
measure of fit between interaction datasets and theoreticdkls, is unstable in this very
region. It is conjectured that this instability in modelifig could be a consequence of the
threshold for specific motifs appearing in the networks.

1.4 Comparison of protein interaction networks

So far we have discussed analysis techniques for singleonketwThe availability of
interaction data for multiple species also opens up the mppity for comparative
techniques. Current research in the comparison of netwolksvs two generally separate
streams: (1) Comparing experimental networks to theaktivodels in order to assess
the fit, and, (2) comparison of experimental networks acroaftiple species to identify
conservation at systems level. Here we concentrate on gsibgraph counts for the first
problem, and network alignment for the second problem.dddée second problem itself
is also referred to ametwork alignmentas it is essentially a graph-matching problem.
While there has been much work done and many algorithms pedpesently for network
alignment, some of which we discuss later in this sectiohymany measures exist to measure
the agreement between experimental data and theoretivabrkemodels.

1.4.1 Network comparison based on subgraph counts

One possible way to compare empirical and model generataaries is by quantifying their
similarity in terms of abundance of specific classes of sapgs. GraphCrunch (Milenkovic
et al. 2008) is an open source software tool that compargs f&al-world networks with
random graph models. These are automatically generateal/éothe same number of nodes
and edges (to within 1%) as those of the real-world networkdeompared. (This is
approximate; with a 12-star as input, GraphCrunch genem@k-DD graphs with 10, 11
and 12 edges.) As well as many global standard propertiessdftiware supports the local
statisticeRGF-distancgPrzulj et al. 2004) anGDDA (Przulj 2007). RGF-distance compares
the frequencies of the appearance of all 3 to 5-node subgiiatvo networks. The networks
being compared by GraphCrunch always have the same numbedes as well as edges,
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and thus the frequencies of occurrence of the only 1-nodgraph, a node, and the only
2-node subgraph, an edge, are also taken into account byntrasure. GDDA uses orbit
degree distributions, which are based on the automorphibits @f the 29 subgraphs on 2 to
5 vertices, as follows. Automorphisms are edge-presemvijegtions from a graph to itself,
and together they form a permutation group. An automorplaidsit is a node that represents
this group (Figure 1.5). Within the 29 subgraphs, 73 diffiém@bits can be found and each
one will have an associated orbit degree distribution.

Figure 1.5 Some subgraphs and their automorphism orbits (Rito et al. 2010).

An orbit ¢ from subgraphG; has orbit degreé in the graphG if there arek copies of
G; in G which involve orbit:. Let dé(k) be the sample distribution of the node counts for
a given orbit degreé in a graphG and for a particular automorphism orbhit This sample
distribution is then scaled bl/k in order that large degrees do not dominate the score, and
normalise d to give a total sum of

» dl, (k) /k
NL(k) = —&2/ "
a(¥) S dL ()1

The comparisonD’ (G, H) of two graphs G and H with respect to orbitis simply the
Euclidean distance between the two scaled and normalisetdrseV, which is scaled by
1/+/2 to be betwee and1, as pointed out in Przulj (2010); the resulting expressson i

0 1/2
DI(G, H) = % (Z[Né(k) - Né(kn?) |
k=1

This is then turned into an agreement by subtracting ftpamd the agreements are combined
into a single value by taking the arithmetic mean ovey gllielding the GDDA,

72
1 .
— _ J
GDDA = — > (1 - DG, H)).

=0

According to Przulj (2007), a perfect score can be achievednacomparing networks of
the same random model type; for example generate a netwarkdn ER model with given
number of edges and nodes, and compare it to other randomdéyajed ER models with the
same parameters. Przulj (2007) found the mean GDDA of comp&R versus ER, ER-DD
versus ER-DD or GEO3D versus GEO3D to be 0i184@.07, where 0.07 denotes one standard
error. This was updated in Przulj (2010) where they founchighest score for two GEO3D
networks to be 0.95- 0.002.
However, Rito et al. (2010) found that GDDA values have ndy atriking differences

amongst different model types but also a pronounced depeydm the number of vertices
of the network. For a specific graph, drawn from one model gpe with a fixed humber
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of vertices, they also observed a strong dependency of theAGfaore with graph density
when comparing to graphs of the same type and with the saméaerunih vertices (Figure
1.6). Furthermore, these dependencies are not monotoag prbpose a new protocol where
several same model versus model comparisons with roughlseime number of vertices and
edges should be carried out in order to assess the bestatitascore for this specific case.
GDDA should then be calculated between the query networkgaaghs from the model
network. Model fit can be evaluated by gauging the differenoetween the distributions
of agreement scores resulting from query network versuseimaxd model versus model
comparisons, for example by using a Monte Carlo test.

Figure 1.6 Dependency of GDDA for model versus model comparisons on thebeu of vertices
and edges of a network. GDDA of ER versus ER (A) and GEO3D ve&it®3D (B) graphs with
500, 1000 and 2000 vertices are plotted against graph density (Rito214l). The arrows indicate
thresholds for the appearance of the subgraphep toG.g for ER, and for the appearance of triangles
in GEO3D.

1.4.2 Network alignment

Research in cross-species network comparison, or netdigrin@ent has been spurred on by
the introduction of thenterolog concept. An interolog is a conserved interaction between a
pair of proteins which have interacting orthologs in anothiganism, where orthologs are
proteins descended from a common ancestor. The evidentesfexistence of such protein
interactions that are conserved across species is inoged3ioteins in the same pathway
have been found to be present or absent in a genome as a graligy @ al. 2003; Pellegrini
et al. 1999), and many protein interactions in the yeast mtave also been identified for
the corresponding protein orthologs@n elegangworm), see Matthews et al. (2001). These
discoveries have led to research directed at identifyingseoved complexes and functional
modules through network alignment, analogous to tradiisequence alignment (Dandekar
et al. 1999; Kelley et al. 2004; Ogata et al. 2000). Given twonore networks the aim of
network alignment algorithms is to identify sets of intdiaigs that are conserved across the
networks. This alignment is achieved by first identifying apping between the nodes of
two or more networks based on some biological informati@ually sequence similarity.
This step is followed by the actual alignment process, ipoting concepts from graph
matching where the goal is to maximise the overlap in theactéon patterns of mappable
nodes (Figure 1.7). The premise is that patterns of inter@aetvhich are conserved across
species have biological significance and hence are moig likeorrespond to real protein
complexes or functional modules. The large and ever-isingasize of interaction datasets
(typically >5000 nodes and-25000 edges) combined with the fact that graph matching is
an NP-hard problem, makes network alignment a computdljocizallenging problem.

One of the earliest network alignment algorithms, NetwdasB(Sharan and Ideker 2006)
carries out alignment by first defining an alignment graph reheach node represents
a set of orthologous proteins based on sequence simildtity. edges in the alignment
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Figure 1.7 Pair-wise network alignment of two grapsandG*. Dotted red lines indicate homology.

graph represent conserved interactions. A search is theallyscarried out over this
alignment graph for high scoring subgraphs. NetworkBlast reen used to perform three-
way comparisons of yeast, worm and fly which yielded conskmedules displaying good
overlap with MIPS (Mewes et al. 2004) complexes.

Graemlin (Flannick et al. 2006) uses progressive pair-aliggments to compare multiple
networks. Graemlin’s probabilistic formulation of the tidpgy-matching problem eliminates
restrictions on the possible architecture of conservedulesdsuch as those imposed by
NetworkBlast. However it requires parameter learning tigio a training set of known
alignments. The sensitivity of the method was assessed tnytiog the number of KEGG
(Kanehisa and Goto 2000) pathways in the alignments. The®E@verage of the alignment
results was between 21 and 39%. In terms of speed, it far datpes NetworkBlast with a
running time approximately linear to the number of networks

Other alignment algorithms have tried to take into accols@volutionary forces shaping
the interaction networks. For example, MaWISH (Koyuturkle2806), which implements
a duplication divergence model to carry out pair-wise nekwadignment. More recently an
evolutionary based multiple network alignment algorithrAR®| (Dutkowski and Tiuryn
2007) was developed which tries to reconstruct the andesttevork for the input species
and maps it back onto the extant networks to identify commadutes. Graemlin 2.0
(Flannick et al. 2008) is also a multiple network alignerthné scoring function that can
use evolutionary events.

Some recent network alignment methods proposed recerdlyde IsoRank (Singh et
al. 2008) and IsoRankN (Liao et al. 2009), GNA and PATH (Zesitéyy et al. 2009)
and DOMAIN (Guo and Hartemink 2009). DOMAIN is the first algbm to introduce
protein domains into the network alignment problem and asesvel direct-edge-alignment
paradigm to directly detect equivalent interaction paisoas species. It should be noted
that global network alignment methods such as IsoRank and @Nnot directly address
the conserved module detection problem, and focus on finttimdpest node-to-node match
across the entire networks.

1.4.3 Using functional annotation for network alignment

A common theme of the studies described above for protegmantion network alignment is

the use of protein sequence similarity to map orthologooseprs across different species.
However, this does not necessarily provide a complete r@atfiorthologous relationships
in the context of interaction networks. When aligning netwgoirom species that are very
distant in evolutionary terms, the proteins may not disgapugh sequence similarity to
achieve a reasonable degree of mapping. This would resalé@verely restricted alignment
graph that may miss biologically conserved regions in thevorks. Ali and Deane (2009)

explored the possibility of using a different measure oft@rosimilarity. Since the goal of

alignment is to extract modules that correspond to spedifiogical processes, functional
similarity of proteins across networks was employed to &ghaent.
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To be useful for network alignment, a subjective concegt fiknctional similarity must be
expressed in a quantitative form that reflects the closendbg biological functions of the
proteins being compared. Functional annotation of pret&ran ongoing scientific activity
and one of the most widely used resources is Gene OntologaiAShburner et al. 2000).
GO offers substantial coverage of major protein databaségeovides a species-specific,
structured set of terms describing gene products. A simglasure of functional similarity
was used which is based on the most specific and hence mashatfee GO annotation of
each protein. For simplicity they focussed only on the Bjidal Process category of GO,
the method being identical for the other top categories ofelgeldar Function and Cellular
Component. Let there be a total &f proteins in the dataset under consideration and the GO
functional annotation of each protein be defined as a setrwists 4. Define a multi-set of
sizen as a paifS, o) whereo : S — N, with the conditions:

S = USA , Za(y):n.

AeEN yeSs

Here,o is a function that maps a GO term to the number of times it acouthe dataset.
Terms having fewer proteins annotated to them occur legsiérmly in the dataset and are
thus classified as more specific. For any two proteirend B with annotation set$'4 and
Sg, the functional similarity scoréfunsim) was then calculated as follows:

t
funsim(A, B) = mazies, nsp (1 - 07(1)> .

The above scoring scheme assigns higher functional sityitar protein pairs that share
more specific GO annotations. It should be noted that otheremophisticated scoring
schemes for functional similarity based on GO are poss@deeral measures of functional
similarity have been proposed in recent years making uskeoiformation content of GO
terms as well as the semantics (is a, part of) of the GO relstiips (Resnik 1995; Schlicker
et al. 2006).

In the study by Ali and Deane (2009), function-based aligniosing the above similarity
score was successful in uncovering a larger number of m®iearticipating in conserved
interactions than sequence-based alignment. The humaonkaised for the study contained
9305 proteins and 35458 interactions while the yeast n&twontained 4941 proteins and
17387 interactions. As shown in Table 1.2, the number of ewesl interactions discovered
in the human network (aligned to yeast) increased from 6&8\en 457 unique proteins) to
1034 (between 727 unique proteins). Moreover, the two $eteonly 58 proteins{15%),
indicating that the interactions targeted by the two methate nearly disjoint. Sets of
conserved interactions detected using function basedraégt also displayed higher overlap
with experimentally detected complexes in the MIPS databas

As can be seen, despite the development of increasinglyistimatted network alignment
methods, conserved interactions detected between maogiehiems constitute only a tiny
fraction of existing data-sets. Taking into account thameoof the detected conserved
interactions will be due purely to chance, such low evohdity conservation at the
interactome level is quite surprising and warrants moenéttn.



18 Protein Interaction Networks

Table 1.2 Comparison of sequence and function based alignment of the yedst an
human PPI networks.

Alignment No. No. MIPS MIPS Functiona
Method Interactions Proteins Coverage Accuracy Coherence
Seq. based 612 457 96 0.18 0.36
Func. base 1034 727 126 0.24 0.51
MaWISH 596 543 83 0.1 0.32

Results are also compared to sequence based alignment using the Malyosithm.

1.5 Evolution and the protein interaction network

Related intimately to the problem of cross-species netvatignment is the study of likely
factors underlying network evolution. Many models haverbyg®posed for the growth of the
protein interaction network, some of which (namely dupglmadivergence and geometric
evolution) are discussed in Section 1.3.4. In terms of Upithey mechanisms, evolution at
the network level is thought to be a consequence of protestuten. Errors in replication
can result in a change in copy number of proteins, from ilial genes being duplicated or
lost (Zhang June 2003), to the whole genome being dupliq#asahara 2007; Scannell et
al. 2007). After a gene duplication event, divergence otfiam is possible. There are two
main competing models for such divergence: sub-functisatibn (partitioning of ancestral
function between gene duplicates) and neo-function@isathe de novo acquisition of
function by one duplicate). Whichever model is chosen, tinigfional divergence at protein
level can manifest itself in the form of diverging interaxctipatterns at the network level.
While evolution in PPl networks opens up several researclstouns including the co-
evolution of interacting proteins and constraints impdsgthteractions on protein evolution
(Lewis et al. 2010b), here we focus on one issue: whetherarktivergence after speciation
can explain the low conservation observed in species-tetork alignments.

1.5.1 How evolutionary models affect network alignment

Alignments of protein interaction networks have founddittonservation among several
species (Ali and Deane 2009). This is in sharp contrast togémome level sequence
alignments, where even evolutionarily distant organisirexe significant portions of their
gene repertoire. While this could be a consequence of theiplaieness of interaction data-
sets and presence of error, an intriguing prospect is tiegprtbcess of network evolution is
sufficient to erase any evidence of conservation. Ali andi2€2010) tested this hypothesis
using models of network evolution and also investigatedrdie of error in the results of
network alignment. Using the duplication divergence anohgetric evolution models, pairs
of networks were grown from a single ancestor to the size afeat interaction data-sets
for model species. Pair-wise network alignment was thenezhout using several different
network alignment algorithms, and a distance metric basesimmary statistics was used to
assess the fit between experimental and simulated netwigrinents (Figure 1.8). Results
indicated that network evolution alone is unlikely to acebfor the poor quality alignments
given by real data. Alignments of simulated networks undigrg evolution are considerably
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Figure 1.8 Measuring the effect of error and evolution on network alignment (Adi Beane 2010).

(4 to 5 times) larger than real alignments. The authors alsgpared several error models in
their ability to explain this discrepancy. For a given emavdel with a single rate parameter
6, they estimate the posterior density fousing the following ABC algorithm:

1. Draw(#',6%) ~ Uniform|0, 1]

2. Simulate error in networks\Wy, NW>) using error modelg\1(61), M(62).

3. Align (NW1,NW2) and compute summary vect®ifrom alignment.

4. Calculate the distane#S, D) whereD is the summary vector for the real alignment.

5. Acceptd if d(S, D) < 6.

In the algorithmd is a scaled Euclidean distance between two summary veatfireed as

Using this setup, posterior estimates of false negatiesfatr the yeast and human protein
networks vary from 20 to 60% dependent on whether curreohmpiete proteome sampling
is taken into account or not (Figure 1.9). It was also fourat false positives appear to
affect network alignments little compared to false negstiindicating that incompleteness,
not spurious links, is the major challenge for interactdee! comparisons.

Figure 1.9 Posterior density for error parameters hkhsapiens(HN) and S.cerevisiagYN) PPI
networks (Ali and Deane 2010).

1.6 Community detection in PPI networks

In parallel with network comparisons and model fitting, deotarea with obvious potential

benefits is the automatic detection of functional moduled aomplexes in PPl data.

Discovering these structures can not only help us betterenstahd the hierarchical

organisation of cellular systems but may also assist ieb&gttgeting/design of drugs. Thus a
very active area of research in the computational analys$t$bnetworks is related to graph

clustering approaches.

Within the broader networks literature, a great many atbors have been proposed that
locate dense regions in a network, called communities atets (reviewed in Fortunato
2010; Porter et al. 2009). Aommunityis loosely defined as a group of nodes that are
more closely associated with themselves than with the feteonetwork. In the context
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of biological networks, such communities are potentialbod candidates for functional
modules, and many studies report running one of the myrigdridhms for detecting
community structure on PPI networks (Bu et al. 2003; Dunrl.€2Q05; Li et al. 2008; Luo
et al. 2007; Pereira-Leal et al. 2004). Having located conitias, such studies then attempt
to assess their functional homogeneity by searching fondein a structured vocabulary
—usually GO or MIPS—that are significantly over-represgntéhin communities. If such
terms exist, the identified communities are said to be & for biological function. In
many studies such enriched communities are found, and teeegalausible candidates for
biological modules.

1.6.1 Community detection methods

A much used approach is the algorithm by Newman and Girva@4R0t involves simply
calculating the betweenness of all edges in the network emiving the one with highest
betweenness, and repeating this process until no edgestdfrtavo or more edges tie for
highest betweenness then one can either choose one at ramdemove, or simultaneously
remove all of them. As a guide to how many communities a ndtwbould be split into, they
use themodularity. For a division withg groups, define g x g matrixe whose component
e;; is the fraction of edges in the original network that conrreardes in group to those in
groupj. Then the modularity is defined to be

Q= Z €5 — Z €i,Ck.is
i i,k
that is, the fraction of all edges that lie within commurstiminus the expected value of
the same quantity in a graph where the nodes have the sameeddgrt edges are placed
at random. A value of) = 0 indicates that the community is no stronger than would be
expected by random shuffling.

The Potts method (Reichardt and Bornholdt 2006) partitibagroteins into communities
at many different values of a resolution parameter, thusrfm@ommunities at different
scales within the network. The method seeks a partition afeadnto communities that
minimises a quality function (‘energy’):

H= —ZJij(A)fS(Si»sj)’

wheres; is the community of nodé § is the Kronecker delta) is the resolution parameter,
and the interaction matriX;; (A) gives an indication of how much more connected two nodes
are than one would expect at random (i.e., in comparison teesoull hypothesis). The
energyH is thus given by a sum of elements bffor which the two nodes are in the same
community.

Other methods include the Markov clustering algorithm orlM@n Dongen 2000) which
simulates random walks on networks to isolate dense regioth1CODE (Bader and Hogue
2003) which uses high densikycores to search for potential complexes.

Here we have only mentioned community detection techniqased purely upon network
structure, though there are several studies in literather@network data is supplemented by
additional biological information such as gene expresé8eyal et al. 2003) and phenotypic
sensitivity (Tanay et al. 2004) to achieve potentially mareaningful graph partitions.
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1.6.2 Evaluation of results

Community detection algorithms are generally evaluategiims of some quality function
defined over the output clusters. A commonly used measurgaddness’ is functional
homogeneity, measuring how similar the proteins in a chuste in terms of their biological
function. Given a measure of functional similarity betweqmirs of proteins, one way to
express the homogeneity of a cluster is

Zi,jGC Similarity(i, )
ciger-n

H(C) =

here, H(C') represents the homogeneity of a cluster C by the averagwipaiprotein
similarity within C. Modules can also be statistically evaluated usinggtivalue from the
hypergeometric distribution, which is defined as

SR

p=1- et
= )

where |N| is the total number of protein$X| is the number of proteins in a reference
function,n is the number of proteins in an identified module, &rid the number of proteins
in common between the function and the module. This is théagliity that at least:
proteins in a module of size are included in a reference function of siZ€| assuming
that all proteins are investigated independently and Haeesame probability to be included
in | X|. A low p-value indicates evidence for the hypothesis that the neodoifresponds to
the function.

Lewis et al. (2010a) used the Potts method to study the himdbgelevance of, and
the relationship between, communities detected in thetymasein network at different
resolutions. They found that the large communities preaesmmall values of the resolution
parameter) are not judged to be functionally homogeneous. MAss increased, larger
numbers of proteins occur in functionally homogeneous canities, peaking in the range
1.5 < log(M\) < 2. Atlog(A) = 1.5, the mean community size is 73 proteins, and the majority
of proteins (3071 out of 4980) are in functionally homogarecommunities (Figure 1.10).

Figure 1.10 Communities identified in the yeast protein interaction network (Leefisal. 2010b).
When the resolution parameteris very small, all nodes are assigned to the same community As
is increased (viewing the network at progressively closer distancesg structure is revealed. The
figures on the left hand side show visualisations of the networks’ partitioncommunities at four
different values ofA. Each circle represents a community, with size proportional to the nuofber
proteins in that community, positioned at the mean position of its constitueleisnd he shade of the
connecting lines is proportional to the number of links between two commesinitie



22 Protein Interaction Networks

1.7 Predicting function using PPl networks

Given the relative sparsity of protein functional annatasi for even well-studied organisms,
predicting protein function using PPl networks has reakigelot of attention in recent
years. Protein functions may be predicted on the basis ofuleadketection algorithms. If
an unknown protein is included in a functional module, itxpected to contribute toward
the function that the module represents. Several topob@ped approaches that predict
protein function on the basis of PPl networks have also batoduced. The simplest
method (majority vote) assigns the function of an unknowrigin as the function of the
majority of its neighbours (Schwikowski et al. 2000). Thewsption that the function of
a protein can be assumed to be independent of all other psotgiven the functions of its
immediate neighbours, has led to several methods usingdvagndom fields for function
prediction (Deng et al. 2003; Letovsky and Kasif 2003). Theber of common neighbours
of the known protein and of the unknown protein has also bakent as the basis for the
prediction of function (Lin et al. 2006). Here we describe thethod of Chen et al. (2007) to
consider how such prediction of characteristics can beegelliusing network structure. As
characteristics they considered structure (7 categaias$function (24 categories).

From the PPI network, they built an upcast set of categotggmay interactions. A
category-category interaction is constructed by two attaersstic categories from two
interacting proteins. Denote the set of all categories Haracteristic can assume By For
a proteinz, S(x) is the set of categories that proteinis classified into. If two proteins
x andy interact, the category-category interactions it gensrate the edges between any
two characteristic categories,andb (a € S(z), b € S(y)), from each of the two proteins
(denoted bya ~ b). The upcast set of category-category interactions is eaan of all
category-category interactions extracted from the pnepeotein interaction network (Figure
1.11).

Figure 1.11 Upcast sets of characteristic pairs. In this example, we consider onlingde s
characteristic (e.g., protein function), so that the characteristic vimtarprotein is a 1-vector. There
are three single-category proteins and one two-category protein indterpinteraction network (left),
which result in an upcast set of six characteristic pairs (Chen et ar)200

Let f(a ~ ) denote the relative frequency of category-category ictema { a ~ b}
among all category-category interactions. The sdo(e, x) for the query protein: with
annotated neighbourB(zx), to be in a specific category is proportional to the product
C(a,z) of the relative frequencieg of observing category: for all category-category
interactions of:’s neighbours in the prior data base;

Cla,x)= [[ fla~b),
beS(n)
neB(x)
and is defined by
C(a,x)
Fla,z) = =22 .
()= S Cla)
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The proteinz is then predicted to possess the characteristic categogategories, with
the highest score. Thisequency methodan be extended to include two or more protein
characteristics in the prediction of a specific protein abtaristic; it is then called the
enhanced frequency method

Table 1.3 The accuracies of function prediction using Majority Vote
(M.V), Chen’s method (F.) and Chen'’s enhanced method (E.R¢. T
enhanced method combines structure and function into a category
vector for category-category interactions. The accuracy is calculated
as the ratio between the number of correctly predicted proteins and all
predicted proteins.

| Organism (DIP)| Predicted proteing M.V. | F. | E.F.|

D.melanogaste 1275 0.53 | 0.67 | 0.69
C.elegans 85 0.38 | 0.55| 0.71
S.cerevisiae 1618 0.67 | 0.61 | 0.67
E.coli 154 0.69 | 0.69| 0.70
M.musculus 32 0.59 | 0.88| 0.81
H.sapiens 274 0.79 | 0.90| 0.89

2 Predicting methods are Majority Vote (M.V.), Chen’s method (F.), Chen's enhanced
method (E.F.)

¢ A function prediction is counted as correct if one of the best three predicted categories
correct.

Underline where the result outperforms M.V. with statistical significance, based on a
z—test.

One can use the above model to see how well one network woettigbrcharacteristics
in another network. The model was implemented to use patfterquencies from
pooled interactions in other organisms as well. Proteierattions were grouped into
prokaryotes includinde.coli andH.pylori and eukaryotes includinG.elegens, S.cerevidae,
D.melanogaster, M.musculus, H.sapieasd a final global pooled dataset including all
interactions. As shown in Figure 1.12, in the prediction igture, higher accuracy was
gained when predicting eukaryotes using a prior databaga &ukaryotes only. On the
other hand, the use of pooled interactions does not signtficanprove predictions. While
predicting function, the predictions significantly deteated when using prokaryotes as
prior data. The prediction results thus clearly differatéd between using prior databases
of eukaryotes and prokaryotes.

Figure 1.12 Structure prediction using different priors (Chen et al. 2007).

These results indicate that the type of prior data may be rimopertant than the data
quantity and that there might be network similarity withimggdoms not observed across
kingdoms. We conclude that while there are network sintiegiwithin kingdoms, interaction
networks in prokaryotes and eukaryotes may be different.
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1.8 Predicting interactions using PPl networks

As discussed earlier, current PPI networks are highly irgeta even for model organisms.
Existing PPI networks from experimental data-sets can b&ulsesources on which to base
the prediction of new interactions or the identification efiable interactions. Deng et al.
(2002) used evolutionarily conserved domains defined inRfaan database (Finn et al.
2010) and applied a maximum likelihood estimation methodhfer interacting domains
that are consistent with observed protein interactiongyTdstimated the probabilities of
interactions between every pair of domains and measureactheacies of their predictions
at the protein level. Using the inferred domain-domainriatéons, they predict interactions
between proteins. Liu et al. (2005) extended this approgchtegrating large-scale PPI
data from three organisms to estimate the probabilitieofain-domain interactions. They
found that the integrated analysis provides more reliatferénce of protein interactions than
the analysis from a single organism. Jonsson et al. (20@@)gied interactions by integrating
experimental PPI data from many species and translatintpithe reference frame of the rat.
The putative rat protein interactions were given confidesames based on their homology
to proteins that were experimentally observed to interact.

In continuation to the previous section, we describe a ntkhbiyoChen et al. (2008) who
used ideas from logistic regression to develop a score tdigirand to validate protein
interactions, based on the protein characteristics anBBi@etwork.

1.8.1 Tendency to form triangles

The score is based on the following observation from expboyadata analysis. Let, b,
¢ € S be three vectors, and 1& be the set of proteins in the protein interaction network.
Assume that all ofi, b andc are indeed observed in the proteins, so that using the antati
from Section 1.7,

Z 1(a € S(x),be S(y),z € S(z)) >0,

z,y,2€EN

and
> 1(a € S(x),be S(y) >0.

z,yeN

Here1(A) denotes the indicator function; it takes on the value A if satisfied, and is 0
otherwise.
For each type of category-category pdit,c} with a fixed categoryb, the ratio of

probabilitiesryy. = % is estimated by

. Pla~cla~bn~e) Pla~ec, a~brc)
Tabe = = =

P(a ~¢) Pla~b~c~a)+Pla~b~cdba)

whereﬁ(a ~ c) is the proportion of pairs of proteins y in N, with characteristics such that
a € S(x),b € S(y), which interact, relative to all pairs of proteins with sugtfaracteristics.
Similarly, P(a ~ b ~ ¢ ~ a) is the proportion of protein triplets, with given charadg#cs,
which form a triangle, anai’(a ~ b ~ ¢ # a) is the proportion of protein triplets, with given
characteristics, which form a line (but not a triangle).
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For each organism (protein interaction networkis the average of,;. forall a,b,c € S,

P Za,b,cES fabc
315123181+ 1)

If 7 < 1, the existence of the interacting partner tends to dectbasshance of interaction.
If 7 > 1, the interaction is more likely if two protein have an comniteracting partner. The
average ratios of conditional probabilities from differerganisms are estimated in Table 1.4.

Table 1.4 Estimates of from triplets: function

| Organisms | #obs. pair$ | #obs.triple§ | 7| S.E.|7>1§ |

D.Melanogaste 110 534 | 48.3 67.6

S.Cerevisiae 214 1850 | 55.9| 91.36
E.Coli 76 494 | 16.1 9.91 *

H.Sapiens 60 350 | 76.8 | 125.25

T number of different pair§a, ¢} forming triples{a ~ b ~ ¢}
1 total number of different triple$a ~ b ~ ¢}

§ 5% level of significance based on Z-tests

* organism showing tendency of formation of triangles

From this table we conclude that there is some evidenceijtalleak, for a tendency
to form triangles in the upcast networks. This tendency aexploited for prediction, as
follows.

1.8.2 Using triangles for predicting interactions

Within the triplet interactions, the odds are assessed $erok triangles versus lines around
the query protein pair. Thigiangle rate scoretri(z, y) for the protein paifz, y} is defined
as the odds of observing triangles versus lines among tgaagd lines in its neighbourhood.
This scoring method was compared to the Deng, Liu and Jorssswas using ROC curves
(Figure 1.13) and, using a subsampling scheme, the areas tedROC curves were tested
for significant difference. The results show that the trlangite score outperforms both
the domain-based and homology-based scores. The sucddss wfethod provides a good
argument for representing PPI data as networks as the fgiarfgrmation is crucial.

Figure 1.13 ROC curves, 1 minus specificity vs. sensitivity, for predicting yeastgmanteractions
using domain interaction based approaches (Deng’s score and ¢tanés) sa homology-based approach
(Jonsson’s score plus paralogs) and Chen’s network-basedaabp(the triangle rate score)
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In the above two sections, we have presented in detail tvede@dimethods for predicting
protein characteristics and protein interactions basatketmork data. It should be noted that
there is a vast number of similar as well as very differentgotational prediction techniques
reported in the literature (see Browne et al. 2010; Rentzsth Orengo 2009, for recent
reviews).

1.9 Current trends and future directions

We conclude this chapter with a brief overview of currenesesh trends in the analysis of
protein networks and some areas which we believe will geaeeasignificant activity in the
near future.

1.9.1 Dynamics

Studies of large-scale biological networks are gradudiifting from the analysis of their
organisational principles and guilt-by-association preéons of the function of individual
network components towards examining cell dynamics. Irhssitdies, experimentally
determined static networks are often used as scaffolds ddeting of dynamical changes in
the system. Information about dynamics can be providedgxample, by measurements of
gene expression at different time points or in differentditons. Han et al. (2004) examined
the extent to which hubs in the yeast interactome are coesgpd with their interaction
partners. They defined hubs as proteins with degree at leBasgd on the averaged Pearson
correlation coefficient (avPCC) of expression over all pars, they concluded that hubs
fall into two distinct classes: those with a low avPCC (whtbley called date hubs) and
those with a high avPCC (so-called party hubs). They intethat these two types of hubs
play different roles in the modular organisation of the retw Party hubs are thought to
coordinate single functions performed by a group of pratéirat are all expressed at the
same time, whereas date hubs are described as higher-tewetators between groups that
perform varying functions and are active at different tinoesunder different conditions.
The validity of the date/party hub distinction has sincerbdebated in some recent papers
(Batada et al. 2006, 2007; Wilkins and Kummerfeld 2008). riga et al. (2010) used an
interaction data set from the Online Predicted Human lotera Database - OPHID (Brown
and Jurisica 2005) and found that the form of the distributibhub avPCC does not support
bi-modality and is not robust to methodological changegyfe 1.14).

Figure 1.14 Probability density plots of the distribution of hub avPCC values for humamactien
data from OPHID. Gene expression data from GeneAtlas (Su et al),2@@4nalised using (a) MAS5
(Hubbell et al. 2002) and (b) GCRMA (Wu et al. n.d.). From Agarefzdl. (2010).

Expression data can also be utilised to infer causality dsaseénformation flow within
cellular networks. A particularly illuminating source oyrthmic data comes from knock-
out experiments, where a gene is perturbed or removed fromnatig background and
the expression levels of all other genes are measured. Yetay (2004) developed a
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probabilistic approach for explaining observed gene esgiom changes due to a knock-out
by inferring molecular cascades of flow through the inteoachetwork. These molecular
cascades correspond to paths beginning from the knockeng gnd ending at the gene
whose expression has changed. RNA interference (RNAigserare a powerful technique
for obtaining perturbation data in higher organisms. Harlenown gene from a pathway of
interest is chosen as a reporter gene, other genes in thengaare systematically knocked-
down using RNAI, and the effect on the reporter is measuredRNA-based loss of function
screens are increasingly being applied with automated énaaxglysis to detect effects on
specific processes or phenotypes (Jones et al. 2009; Mdffat 2006), these types of
network analyses are likely to be relevant to study a broadeaf interesting biological
questions.

1.9.2 Integration with other networks

Until recently, the large-scale modelling of network dynesrhas been focused on individual
network types. However, within a cell, all network types arerrelated and dynamics of
any individual network has an impact on the behaviour of otieworks. Several recent
studies have begun to address the challenge of coupling-targle dynamical models for
different network types to obtain one consistent dynamiealvork. Such methods have been
spearheaded by approaches to combine metabolic and @yutatworks. For example, to
obtain a combined model of metabolic and regulatory netgjo@overt et al. (2001) used
flux-balance analysis to model the metabolic network corepbmvhile the transcriptional
regulatory network was modelled as a Boolean network. Theegén the transcriptional
network were assigned Boolean (binary) values indicatihgther or not a given gene is
being expressed. An interactive procedure was applied garerthat the combined model
satisfies both the metabolic and the regulatory constrathtaibsequent study used mixed
integer linear programming (a general optimisation framwior capturing problems with
both discrete and continuous variables) to couple suchhbuoktaand regulatory models
(Shlomi et al. 2007).

Wang and Chen (2010) propose an approach for integratingdrigption regulation and
protein-protein interactions using dynamic gene-expoasdata. They start with candidate
gene regulatory and signaling networks obtained from gensoale data. These candidate
networks are then pruned and combined, utilizing geneesgion data at multiple time
points, to obtain an integrated and focused network undpeeific condition of interest.

This area is in its infancy; integrated networks may shed hghts on all the research
guestions tackled above.

1.9.3 Limitations of models, prediction and alignment rodth

While there is an expanding literature on methods for pradjgbrotein characteristics and
interactions using network information, there are sevenakrtcomings which could hamper
the practical application of such techniques. Many metHodgrotein function prediction

using network neighbours fail to cope with the relativelpise level of annotation currently
available (Freschi 2009). Even given sufficient annotatitime network structure itself can be
quite heterogeneous and too few links in some regions cae prakiction either impossible
or highly unreliable. For instance, performance of mettmdsh as (Chen et al. 2008) which
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use a triangle score for interaction prediction, can be tegg affected in networks or
network regions with low density.

Similarly, network alignment methods are now sophistidaé@ough to cope with the
computationally hard problem of matching multiple largewerks, but such algorithms
tend to be purely graph-theory based. Unlike sequenceraéigh where rigorous models
based on evolutionary theory are present to explain thdtsesietwork alignment is very
often based on heuristic arguments. This is perhaps partiynaequence of the fact that
evolution at the network level is poorly understood at themant and we have no universally
applicable models for PPl networks. Future research shoelldble to shed more light on
the mechanisms shaping interaction networks through gwokry time-scales and make
it possible to incorporate these principles in comparadind predictive studies. A related
research question could be the classification of existingveéls as more refined network
models according to the type of problem they best tackle.

1.9.4 Biases, error and weighting

Apart from techniques employing diverse biological infation, some serious issues related
to the nature of interaction data itself also need to be vesolCurrent experimental
techniques, such as yeast two-hybrid and coaffinity putiioa sample subsets of the
interaction data space (Stumpf et al. 2005). As mentionééieeahese subsets show very
limited overlap. Moreover, interaction data are non-bjyrtar nature for any multi-component
complex; their conversion to binary pair-interactions atrivial and relies on processing
protocols that may introduce further biases in the final estirgg output (Wodak et al.
2009; Yu et al. 2009). It is vital that we understand to whatekobserved discrepancies
between different networks reflect sampling biases of #wgerimental methods, as opposed
to topological features due to biological functionality. féhsome studies have focused
on the possible effect of biases, uncertainty and incorapésts on network inference and
comparison (Fernandes et al. 2010; Stumpf and Wiuf 2005)eelthere is great need for
directly modelling in these factors as part of predictivedgts.

1.9.5 New experimental sources of PPI data

Finally, it is expected that new sources of PPI data will hedfleve some of the issues
discussed above. Sanderson (2009) pointed out that 20 tod3M@man genes encode
membrane proteins and currently very little PPI interactata exists for these proteins. This
is true for both intracellular and extracellular membranetgin interactions. Nonetheless,
exciting new experimental techniques are now being deeeldp probe these so-called
dark regions of the interactome. These include the membyaast two hybrid (MYTH)

assays (Stagljar et al. 1998), the Aviditiybase EXtradatlunteraction Screen (AVEXIS)

system (Bushell et al. 2008) and the yeast adapted versithre @yHydroFolate-Reductase
(DHFR) Protein fragment Complementation A ssays (PCA)d3sov et al. 2008). It will

be interesting to see how network topology differs amongstdifferent techniques and
whether these new datasets, when combined with existirey tdatve an influence on the
overall network topology. It is important to bear in mind thaost of these assays still
rely on protein over-expression and, since PPIs are depéendeboth relative affinity and

protein concentration, validating PPI data is still a majballenge. Diverent techniques
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might however help to build a system of increasing confidebgeassigning higher scores to
interactions verified by several independent techniques.
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