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With completion of a draft sequence of the human genome, the field of genetics stands on the
threshold of significant theoretical and practical advances. Crucial tofurthering these investiga-
tions is a comprehensive understanding of the expression, function, and regulation of the proteins
encoded by an organism. It has been observed that proteins seldom act as single isolated species
in the performance of their functions; rather, proteins involved in the same cellular processes often
interact with each other. Therefore, the functions of uncharacterizedproteins can be predicted
through comparison with the interactions of similar known proteins. A detailedexamination of the
protein-protein interaction (PPI) network can thus yield significant new understanding of protein
function. Clustering is the process of grouping data objects into sets (clusters) which demonstrate
greater similarity among objects in the same cluster than in different clusters. Clustering in the PPI
network context groups together proteins which share a larger numberof interactions. The results
of this process can illuminate the structure of the PPI network and suggestpossible functions for
members of the cluster which were previously uncharacterized.
This chapter will begin with a brief introduction of the properties of protein-protein interaction
networks, including a review of the data which has been generated by bothexperimental and com-
putational approaches. A variety of methods which have been employedto cluster these networks
will then be presented. These approaches are broadly characterizedas either distance-based or
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graph-based clustering methods. Techniques for validating the results of these approaches will
also be discussed.

1.1 INTRODUCTION

1.1.1 Protein-Protein Interaction

1.1.1.1 Proteome in Bioinformatics
With the completion of a draft sequence of the human genome, the field of genetics stands

on the threshold of significant theoretical and practical advances. Crucial to furthering
these investigations is a comprehensive understanding of the expression, function, and
regulation of the proteins encoded by an organism [96]. Thisunderstanding is the subject
of the discipline of proteomics. Proteomics encompasses a wide range of approaches and
applications intended to explicate how complex biologicalprocesses occur at a molecular
level, how they differ in various cell types, and how they arealtered in disease states.

Defined succinctly, proteomics is the systematic study of the many and diverse properties
of proteins with the aim of providing detailed descriptionsof the structure, function, and
control of biological systems in health and disease [68]. The field has burst onto the scientific
scene with stunning rapidity over the past several years. Figure 1.1. shows the trend of the
number of occurrences of the term “proteome” found in Pubmedbioinformatics citations
over the past decade. This figure strikingly illustrates therapidly-increasing role played by
proteomics in bioinformatics research in recent years.

A particular focus of the field of proteomics is the nature androle of interactions be-
tween proteins. Protein-protein interactions play diverse roles in biology and differ based
on the composition, affinity, and lifetime of the association. Non-covalent contacts between
residue sidechains are the basis for protein folding, protein assembly, and protein-protein in-
teraction [65]. These contacts facilitate a variety of interactions and associations within and
between proteins. Based on their diverse structural and functional characteristics, protein-
protein interactions can be categorized in several ways [64]. On the basis of their interaction
surface, they may be homo-oligomeric or hetero-oligomeric; as judged by their stability,
they may be obligate or non-obligate; and as measured by their persistence, they may be
transient or permanent. A given protein-protein interaction can fall into any combination of
these three categorical pairs. An interaction may also require reclassification under certain
conditions; for example, it may be mainly transient in vivo but become permanent under
certain cellular conditions.

1.1.1.2 Significance of Protein-protein Interaction
It has been observed that proteins seldom act as single isolated species while perform-

ing their functions in vivo [91]. The analysis of annotated proteins reveals that proteins
involved in the same cellular processes often interact witheach other [86]. The function
of unknown proteins may be postulated on the basis of their interaction with a known pro-
tein target of known function. Mapping protein-protein interactions has not only provided
insight into protein function but has facilitated the modeling of functional pathways to elu-
cidate the molecular mechanisms of cellular processes. Thestudy of protein interactions
is fundamental to understanding how proteins function within the cell. Characterizing the
interactions of proteins in a given cellular proteome will be the next milestone along the
road to understanding the biochemistry of the cell.
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Figure 1.1. Number of results found in PubMed for proteome.

The result of two or more proteins interacting with a specificfunctional objective can
be demonstrated in several different ways. The measurable effects of protein interactions
have been outlined by Phizicky and Fields [74]. Protein interactions can:

• alter the kinetic properties of enzymes; this may be the result of subtle changes at the
level of substrate binding or at the level of an allosteric effect;

• act as a common mechanism to allow for substrate channeling;

• create a new binding site, typically for small effector molecules;

• inactivate or destroy a protein; or

• change the specificity of a protein for its substrate throughinteraction with different
binding partners; e.g., demonstrate a new function that neither protein can exhibit
alone.

Protein-protein interactions are much more widespread than once suspected, and the
degree of regulation that they confer is large. To properly understand their significance in
the cell, one needs to identify the different interactions,understand the extent to which they
take place in the cell, and determine the consequences of theinteraction.

1.1.2 Experimental Approaches for PPI Detection

In early reviews, physicochemical approaches for detecting protein-protein interactions in-
cluded site-directed mutagenesis or chemical modificationof amino acid groups participat-
ing in such interactions [52, 66, 79, 84]. The following subsections will discuss these bioin-
formatic and functional proteomic methods. These include predictions of protein-protein
interaction via the yeast two-hybrid system, mass spectrometry, and protein microarrays.
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1.1.2.1 Yeast Two-hybrid System
One of the most common approaches to the detection of pairs ofinteracting proteins in

vivo is the yeast two-hybrid (Y2H) system [7, 36]. The Y2H system, which was developed
by Fields and Song [23], is a molecular-genetic tool which facilitates the study of protein-
protein interactions [1]. The interaction of two proteins transcriptionally activates a reporter
gene, and a color reaction is seen on specific media. This indication can track the interaction
between two proteins, revealing “prey” proteins which interact with a known “bait” protein.

The yeast two-hybrid system enables both highly-sensitivedetection of protein-protein
interactions and screening of genome libraries to ascertain the interaction partners of certain
proteins. The system can also be used to pinpoint protein regions mediating the interac-
tions [37]. However, the classic Y2H system has several limitations. First, it cannot, by
definition, detect interactions involving three or more proteins and those depending on post-
translational modifications except those applied to the budding yeast itself [37]. Second,
since some proteins (for example, membrane proteins) cannot be reconstructed in the nu-
cleus, the yeast two-hybrid system is not suitable for the detection of interactions involving
these proteins. Finally, the method does not guarantee thatan interaction indicated by Y2H
actually takes place physiologically.

Recently, numerous modifications of the Y2H approach have been proposed which char-
acterize protein-protein interaction networks by screening each protein expressed in a eu-
karyotic cell [24]. Drees [19] has proposed a variant which includes the genetic information
of a third protein. Zhang et al. [92] have suggested the use ofRNA for the investigation
of RNA-protein interactions. Vidal et al. [85] used the URA3gene instead of GAL4 as
the reporter gene; this two-hybrid system can be used to screen for ligand inhibition or
to dissociate such complexes. Johnson and Varshavsky [43] have proposed a cytoplasmic
two-hybrid system which can be used for screening of membrane protein interactions.

Despite the various limitations of the Y2H system, this approach has revealed a wealth
of novel interactions and has helped illuminate the magnitude of the protein interactome.
In principle, it can be used in a more comprehensive fashion to examine all possible binary
combinations between the proteins encoded by any single genome.

1.1.2.2 Mass Spectrometry Approaches
Another traditional approach to PPI detection is to use quantitative mass spectrometry

to analyze the composition of a partially-purified protein complex together with a control
purification in which the complex of interest is not enriched.

Mass spectrometry-based protein interaction experimentshave three basic components:
bait presentation, affinity purification of the complex, andanalysis of the bound proteins
[2]. Two large-scale studies [25, 35] have been published onthe protein-protein interaction
network in yeast. Each study attempted to identify all the components that were present
in “naturally”-generated protein complexes, which requires essentially pure preparations
of each complex [49]. In both approaches, bait proteins weregenerated that carried a
particular affinity tag. In the case studied by Gavin et al. [25], 1,739 TAP-tagged genes
were introduced into the yeast genome by homologous recombination. Ho et al. [35]
expressed 725 proteins modified to carry the FLAG epitope. Inboth cases, the proteins
were expressed in yeast cells, and complexes were purified using a single immunoaffinity
purification step. Both groups resolved the components of each purified complex with
a one-dimensional denaturing polyacrylamide gel electrophoresis (PAGE) step. From the
1,167 yeast strains generated by Gavin et al. [25], 589 protein complexes were purified, 232
of which were unique. Ho et al. [35] used 725 protein baits anddetected 3,617 interactions
that involved 1,578 different proteins.
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Mass-spectrometry-based proteomics can be used not only inprotein identification and
quantification [16, 50, 72, 89] ,but also for protein analysis, which includes protein profiling
[51], post-translational modifications (PTMs) [55, 56] and, in particular, identification of
protein-protein interactions.

Compared with two-hybrid approaches, mass-spectrometry-based methods are more ef-
fective in characterizing highly abundant, stable complexes. MS-based approaches permit
the isolation of large protein complexes and the detection of networks of protein interac-
tions. The two-hybrid system is more suited to the characterization of binary interactions,
particularly to the detection of weak or transient interactions.

1.1.2.3 Protein Microarray
Microarray-based analysis is a relatively high-throughput technology which allows the

simultaneous analysis of thousands of parameters within a single experiment. The key
advantage of the microarray format is the use of a nonporous solid surface, such as glass,
which permits precise deposition of capturing molecules (probes) in a highly dense and
ordered fashion. The early applications of microarrays anddetection technologies were
largely centered on DNA-based applications. Today, DNA microarray technology is a robust
and reliable method for the analysis of gene function [12]. However, gene expression arrays
provide no information on protein post-translational modifications (such as phosphorylation
or glycosylation) that affect cell function. To examine expression at the protein level
and acquire quantitative and qualitative information about proteins of interest, the protein
microarray was developed.

A protein microarray is a piece of glass on which various molecules of protein have
been affixed at separate locations in an ordered manner, forming a microscopic array [54].
These are used to identify protein-protein interactions, to identify the substrates of protein
kinases, or to identify the targets of biologically-activesmall molecules. The experimental
procedure for protein microarray involves choosing solid supports, arraying proteins on the
solid supports, and screening for protein-protein interactions.

Experiments with the yeast proteome microarray have revealed a number of protein-
protein interactions which had not previously been identified through Y2H or MS-based
approaches. Global protein interaction studies were performed with a yeast proteome chip.
Ge [26] has described a universal protein array which permits quantitative detection of
protein interactions with a range of proteins, nucleic acids, and small molecules. Zhu
et al. [95] generated a yeast proteome chip from recombinantprotein probes of 5,800
open-reading frames.

1.1.3 Computational Methods to Predict Protein-protein In teraction

The yeast two-hybrid system and other experimental approaches provide a useful tool for the
detection of protein-protein interactions occurring in many possible combinations between
specified proteins. The widespread application of these methods has generated a substantial
bank of information about such interactions. However, the data generated can be erroneous,
and these approaches are often not completely inclusive of all possible protein-protein in-
teractions. In order to form an understanding of the total universe of potential interactions,
including those not detected by these methods, it is useful to develop an approach to predict
possible interactions between proteins. The accurate prediction of protein-protein interac-
tions is therefore an important goal in the field of molecularrecognition.

A number of approaches to PPI prediction are based on the use of genome data. Pellegrini
et al. [71] introduced the first such method, which predicts an interaction between two
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proteins in a given organism if these two proteins have homologs in another organism. A
subsequent extension proposed by Marcotte et al. [57, 58] detects co-localization of two
genes in different genomes. Two proteins in different organisms are predicted to interact
if they have consecutive homologs in a single organism. Dandekar et al. [17] used the
adjacency of genes in various bacterial genomes to predict functional relationships between
the corresponding proteins. Proteins whose genes are physically close in the genomes of
various organisms are predicted to interact.

Jasen et al. [40] investigated the relationship between protein-protein interaction and
mRNA expression levels by analyzing existing yeast data from a variety of sources and
identifying general trends. Two different approaches wereused to analyze the two types of
available expression data; normalized differences were computed for absolute expression
levels, while a more standard analysis of profile correlations was applied to relative expres-
sion levels. This investigation indicated that a strong relationship exists between expression
data and most permanent protein complexes.

Some researchers have used data-mining techniques to extract useful information from
large data sources. Oyama et al. [67] used a method termedAssociation Rules Discovery
to identify patterns and other features from accumulated protein-protein interaction data.
This research mined data from four different sources. This aggregated data included 4,307
unique protein interaction pairs. General rules were derived from 5,241 features extracted
from the functional, primary-structural, and other aspects of proteins. After transforming
the traditional protein-based transaction data into interaction-based transaction data, Oyama
was able to detect and articulate 6,367 rules. Of these, 5,271 rules had at least one feature
pertaining to sequences. As this potential had been suggested by other researchers, these
results confirmed the efficacy of this method.

As mentioned above, experimental and computational approaches have generated signif-
icant quantities of PPI data, but these data sets are typically incomplete, contradictory, and
include many false positives. It is therefore necessary forimproved accuracy to integrate
evidence from many different sources for evaluating protein-protein interactions. Jansen et
al. [39] proposed a Bayesian approach for integrating interaction information that allows for
the probabilistic combination of multiple data sets and demonstrates its application to yeast
data. This approach assesses each source for interactions by comparison with samples of
known positives and negatives, yielding a statistical measure of reliability. The likelihood
of possible interactions for every protein pair is then predicted by combing each indepen-
dent data source, weighted according to its reliability. The predictions were validated by
TAP (tandem affinity purification) tagging experiments. It was observed that, at given
levels of sensitivity, the predictions were more accurate than the existing high-throughput
experimental data sets.

1.2 PROPERTIES OF PPI NETWORK

Although reductionism has long been the prevailing paradigm guiding the interpretation of
experimental results, it has become increasingly evident that a discrete biological function
can only rarely be attributed to an individual molecule. Rather, many biological charac-
teristics arise from complex interactions between numerous cellular constituents, such as
proteins, DNA, RNA, and small molecules [4, 34, 44, 46]. Therefore, understanding the
structure and dynamics of the complex intercellular web of interactions has become a central
focus of biological investigation.
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Figure 1.2. A graph in which a node has a degree of 5. Figure is adapted from [9]

1.2.1 PPI Network Representation

An investigation of protein-protein interaction mechanisms begins with the representation
and characterization of the PPI network structure. The simplest representation takes the
form of a mathematical graph consisting of nodes and edges (or links) [88]. Proteins are
represented as nodes in such a graph; two proteins which interact physically are represented
as adjacent nodes connected by an edge.

Degree
The degree(or connectivity) of a node is the number of other nodes with which it is

connected [9]. It is the most elementary characteristic of anode. For example, in the
undirected network, Figure 1.2., node A has degreek = 5.

Path, shortest path and mean path
Thepath between two nodes is a sequence of adjacent nodes. The numberof edges in

this path is termed thepath length, and distances within network are measured in terms
of path length. As there are many alternative paths between two nodes, theshortest path
between the specified nodes refers to the path with the smallest number of links. Themean
path length of the network represents the average over the shortest paths between all pairs
of nodes.

Degree distribution
Graph structures can be described according to numerous characteristics, including the

distribution of path lengths, the number of cyclic paths, and various measures to compute
clusters of highly-connected nodes [88]. Barabasi and Oltvai [9] introduced the concept
of degree distribution, P (k), to quantify the probability that a selected node will have
exactlyk links. P (k) is obtained by tallying the total number of nodesN(k) with k links
and dividing this figure by the total number of nodesN . Different network classes can be
distinguished by the degree distribution. For example, a random network follows a Poisson
distribution. By contrast, a scale-free network has a power-law degree distribution, indicat-
ing that a few hubs bind numerous small nodes. Most biological networks are scale-free,
with degree distributions approximating a power law,P (k) ∼ k−γ . When2 ≤ γ ≤ 3, the
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hubs play a significant role in the network [9].

Clustering coefficient
In many networks, if nodeA is connected toB, andB is connected toC, thenA has a

high probability of direct linkage toC. Watts [90] quantified this phenomenon using the
clustering coefficient,CI = 2nI/kI(kI − 1), wherenI is the number of links connecting
thekI neighbors of nodeI to each other. In this coefficient,nI indicates the number of
triangles that pass through nodeI, andkI(kI − 1)/2 is the total number of triangles that
could pass through nodeI. For example, in Figure 1.2.,nA = 1 andCA = 1/10, while
nF = 0, CF = 0.

The average degree, average path length and average clustering coefficient depend on
the number of nodes and links in the network. However, the degree distributionP (k)
and clustering coefficientC(k) functions are independent of the size of the network and
represent its generic features. These functions can therefore be used to classify various
network types [9].

1.2.2 Characteristics of Protein-Protein Networks

Scale-free network
Recent publications have indicated that protein-protein interactions have the features of

a scale-free network [29, 41, 53, 87], meaning that their degree distribution approximates
a power law,P (k) ∼ k−γ . In scale-free networks, most proteins participate in onlya few
interactions, while a few (termed “hubs”) participate in dozens of interactions.

Small-world effect
Protein-protein interaction networks have an characteristic property known as the “small-

world effect”, which states that any two nodes can be connected via a short path of a few
links. The small-world phenomenon was first investigated asa concept in sociology [61]
and is a feature of a range of networks arising in nature and technology, including the Inter-
net [3], scientific collaboration networks [63], the English lexicon [77], metabolic networks
[22], and protein-protein interaction networks [78, 87]. Although the small-world effect
is a property of random networks, the path length in scale-free networks is much shorter
than that predicted by the small-world effect [14, 15]. Therefore, scale-free networks are
“ultra-small”. This short path length indicates that localperturbations in metabolite con-
centrations could permeate an entire network very quickly.

Disassortativity
In protein-protein interaction networks, highly-connected nodes (hubs) seldom directly

link to each other [59]. This differs from the assortative nature of social networks, in
which well-connected people tend to have direct connections to each other. By contrast,
all biological and technological networks have the property of disassortativity, in which
highly-connected nodes are infrequently linked each other.

1.3 CLUSTERING APPROACHES

1.3.1 Significance of Clustering in PPI Network

A cluster is a set of objects which share some common characteristics. Clustering is the
process of grouping data objects into sets (clusters) whichdemonstrate greater similarity
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among objects in the same cluster than in different clusters. Clustering differs from clas-
sification; in the latter, objects are assigned to predefinedclasses, while clustering defines
the classes themselves. Thus, clustering is an unsupervised classification method, which
means that it does not rely on training the data objects in predefined classes.

In protein-protein interaction networks, clusters correspond to two types of modules:
protein complexes and functional modules. Protein complexes are groups of proteins that
interact with each other at the same time and place, forming asingle multi-molecular
machine. Functional modules consist of proteins that participate in a particular cellular
process while binding to each other at a different time and place.

Clustering in protein-protein interaction networks therefore involves identifying protein
complexes and functional modules. This process has the following analytical benefits:

(1) clarification of PPI network structures and their component relationships;

(2) inference of the principal function of each cluster fromthe functions of its members;

(3) elucidation of possible functions of members in a cluster through comparison with
the functions of other members.

1.3.2 Challenges of Clustering on PPI Networks

The classic clustering approaches follow a protocol termed“pattern proximity after feature
selection” [38]. Pattern proximity is usually measured by adistance function defined for
pairs of patterns. A simple distance measure can often be used to reflect dissimilarity
between two patterns, while other similarity measures can be used to characterize the
conceptual similarity between patterns. However, in protein-protein interaction networks,
proteins are represented as nodes and interactions are represented as edges. The relationship
between two proteins is therefore a simple binary value: 1 ifthey interact, 0 if they do
not. This lack of nuance makes it difficult to define the distance between the two proteins.
Additionally, a high rate of false positives and the sheer volume of data render problematical
to the reliable clustering of PPI networks.

Clustering approaches for PPI networks can be broadly characterized as distance-based
or graph-based. Distance-based clustering uses classic clustering techniques and focuses on
the definition of the distance between proteins. Graph-based clustering includes approaches
which consider the topology of the PPI network. Based on the structure of the network, the
density of each subgraph is maximized or the cost of cut-off minimized while separating
the graph. This following section will discuss each of theseclustering approaches in greater
detail.

1.3.3 Distance-based Clustering

1.3.3.1 Distance Measure Based on Coefficient
As discussed in [30], the distance between two nodes (proteins) in a PPI network can be

defined as follows. LetX be a set ofn elements and letdij = d(i, j) be a non-negative
real functiond : X × X → R+, which satisfy

(1) dij > 0 for i 6= j;

(2) dij = 0 for i = j;
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(3) dij = dji for all i,j whered is a distance measure andD = {dij} is a distance
matrix; and

(4) if dij satisfies triangle inequalitydij ≤ dik + dkj , thend is a metric.

In PPI network, the binary vectorsXi = (xi1, xi2, ..., xiN ) represent the set of protein
purifications forN proteins, wherexik is 1 if the ith protein interacts withkth protein
(thekth protein is presented in theith purification) and 0 otherwise. If a distance can be
determined which fully accounts for known protein complexes, unsupervised hierarchical
clustering methods can be used to accurately assemble protein complexes from the data.
Frequently, a distance can be easily obtained from a simple matching coefficient which
calculates the similarity between two elements. The similarity valueSij can be normalized
between 0 and 1, and the distance can be derived fromdij = 1−Sij . If the similarity value
of two elements is high, the spatial distance between them should be short.

Several suitable measures have been proposed for this purpose. These include the Jaccard
coefficient [32]:

Smn =
Xmn

Xmm + Xnn − Xmn

(1.1)

Dice coefficient [32]:

Smn =
2Xmn

Xmm + Xnn

(1.2)

Simpson coefficient [32]:

Smn =
Xmn

min(Xmm,Xnn)
(1.3)

Bader coefficient [8]:

Smn =
X2

mn

Xmm × Xnn

(1.4)

Maryland Bridge coefficient [62]:

Smn =
1

2
(
Xmn

Xmm

+
Xmn

Xnn

) (1.5)

Korbel coefficient [47]:

Smn =

√

X2
mm + X2

nn√
2XmmXnn

Xmn (1.6)

Correlation coefficient [20]:

Smn =
Xmn − nXmXn

√

(Xmm − nXm
2
)(Xnn − nXn

2
)

, (1.7)

whereXij = Xi • Xj (dot product of two vectors). The value ofSmn ranges from 0 to 1.
Xij is equal to the number of bits “on” in both vectors, andXii is equal to the number of
bits “on” in one vector. For example, for the case illustrated in Figure 1.2., the matrixX is:
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X =

























0 1 1 1 0 0 1 1
1 0 1 0 0 1 0 0
1 1 0 0 0 0 0 0
1 0 0 0 0 0 0 0
0 0 0 0 0 1 0 1
0 1 0 0 1 0 1 0
1 0 0 0 0 1 0 0
1 0 0 0 1 0 0 0

























(1.8)

To calculate the distance betweenA andB, d12, X11 = X1•X1 = 5, X22 = X2•X2 =
3, X12 = X1 • X2 = 1. The Jaccard coefficient is calculated as:S12 = 1/(5 + 3 − 1) =
0.1429; the distance is thend12 = 1 − 0.1429 = 0.8571.

This group of distance-based approaches uses classic distance measurements, which are
not quite suitable for high dimensional spaces. In a high dimensional space, the distances
between each pair of nodes are almost the same for a large datadistribution [10]. Therefore,
it is hard to attain ideal clustering results by the simplestdistance measurements only.

1.3.3.2 Distance Measure by Network Distance
There are other definitions based on network distance which give more fine-grained

distance measurements for these pairs. In the definition given above, the distance value will
be0 for any two proteins not sharing an interaction partner. In [75], each edge in the network
is assigned a length of1. The length of the shortest path (distance) between every pair of
vertices in the network is calculated to create an all-pairs-shortest-path distance matrix.
Each distance in this matrix is then transformed into an “association”, defined as1/d2

whered is the shortest-path distance. This transformation emphasizes local associations
(short paths) in the subsequent clustering process. The resulting associations range from0
to 1. The association of a vertex with itself is defined as1, while the association of vertices
that have no connecting path is defined as0. Two vertices which are more widely separated
in the network will have a longer shortest-path distance andthus a smaller association. The
association value can be therefore served as the similaritymeasure for two proteins.

In [69], authors consider the paths of various lengths between two vertices in a weighted
protein interaction network. The weight of an edge reflects its reliability and lies in the range
between0 and1. ThePathStrength of a path is defined as the product of the weights of all
the edges on the path. Then thek-length PathStrength between two vertices is defined as the
sum of the PathStrength of allk-length paths between the two vertices. The PathStrength
of a path captures the probability that a walk on the path can reach its ending vertex. By
summing upon all these paths, thek-length PathStrength between two vertices captures the
strength of connections between these two vertices by ak-step walk. Since paths of different
lengths should have different impact on the connection between two vertices, the k-length
PathStrength is normalized by thek-length maximum possible path stength to get thek-
length PathRatio. Finally, thePathRatio measure between two vertices is defined as the sum
of thek-length PathRatios between the two vertices for allk > 1. Though this measure is
mainly applied in assessing the reliability of detected interactions and predicting potential
interactions that are missed by current experiments, it canalso be used as a similarity
measure for clustering.

Another network distance measure was developed by Zhou [94,93]. He defined the
distancedij from nodei to nodej as the average number of steps a Brownian particle takes
to reachj from i.
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Consider a connected network ofN nodes andM edges. Its node set is denoted by
V = {1, ..., N} and its connection pattern is specified by the generalized adjacency matrix
A. If there is no edge between nodei and nodej, Aij = 0; if there is an edge between
those nodes,Aij = Aji > 0, and its value signifies the interaction strength. The set of
nearest neighbors of nodeI is denoted byEi. As a Brownian particle moves throughout
the network, at each time step it jumps from its present position i to a nearest-neighboring
position j. When no additional information about the network is known, the jumping
probabilityPij = Aij/

∑N
l=1 Ail can be assumed. MatrixP is called the transfer matrix.

The node-node distancedij from i to j is defined as the average number of steps needed
for the Brownian particle to move fromi through the network toj. Using simple linear-
algebraic calculations, it is obvious that

dij =

n
∑

l=1

(
1

I − B(j)
)il, (1.9)

whereI is theN × N identity matrix, and matrixB(j) equals the transfer matrixP , with
the exception thatBlj(j) ≡ 0 for anyl ∈ V . The distances from all the nodes inV to node
j can thus be obtained by solving the linear algebraic equation

[I − B(j)]{d1j , ..., dnj}T = {1, ..., 1}T . (1.10)

For example, in the network shown in Figure 1.3., with the setnodesV = 1, 2, 3, 4, the
adjacency matrixA and transfer matrixP are:

A =









0 1 1 1
1 0 1 0
1 1 0 0
1 0 0 0









, P =









0 1/3 1/3 1/3
1/2 0 1/2 0
1/2 1/2 0 0
1 0 0 0









.

B(j) can be derived fromP :

B(1) =









0 1/3 1/3 1/3
0 0 1/2 0
0 1/2 0 0
0 0 0 0









, B(2) =









0 0 1/3 1/3
1/2 0 1/2 0
1/2 0 0 0
1 0 0 0









,

B(3) =









0 1/3 0 1/3
1/2 0 0 0
1/2 1/2 0 0
1 0 0 0









, B(4) =









0 1/3 1/3 0
1/2 0 1/2 0
1/2 1/2 0 0
1 0 0 0









.

The distance between any two nodes can be calculated with Equation1.9:

D = {dij} =









8/3 2 2 1
10/3 4 8/3 13/3
10/3 8/3 4 13/3
23/11 27/11 9/11 34/11









.

Based on the distance measure, Zhou [93] defined a dissimilarity index to quantify the
relationship between any two nearest-neighboring nodes. Nearest-neighboring vertices
of the same community tend to have small dissimilarity index, while those belonging to
different communities tend to have high dissimilarity index.
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Figure 1.3. Example of distance measure by Brownian particle.

Given two verticesi andj that are nearest neighbors (Aij > 0), the difference in their
perspectives regarding the network can be quantitatively measured. The dissimilarity index
Λ(i, j) is defined by the following expression:

Λ(i, j) =

√

∑n
k 6=i,j [dik − djk]2

n − 2
. (1.11)

If two nearest-neighboring verticesi and j belong to the same community, then the
average distancedik from i to any another vertexk(k 6= i, j) will be quite similar to the
average distancedjk from j to k. This indicates that the perspectives of the network as
viewed fromi andj will be quite similar. Consequently,Λ(i, j) will be small if i andj
belong to the same community and large if they belong to different communities.

When this approach is applied to a protein interaction network, clusters of proteins that
may be of biological significance can be constructed. Zhou provided three examples of such
an application. Most of the proteins in these examples were involved in known functions.
It was possible to predict similar biological functions forthe few proteins in each cluster
which were previously unanalyzed.

1.3.3.3 UVCLUSTER
The UVCLUSTER [6] approach is informed by the observation that the shortest path dis-

tance between protein pairs is typically not very fine-grained, and that many pairs have the
same distance value. This method proposes an iterative approach to distance exploration;
unlike other distance-based approaches, it converts the set of primary distances into sec-
ondary distances. The secondary distance measures the strength of the connection between
each pair of proteins when the interactions for all the proteins in the group are consid-
ered. Secondary distance is derived by first applying a hierarchical clustering step based on
the affinity coefficient to generateN different clustering results. The number of solutions
generated in which any two selected proteins are not in the same cluster is defined as the
secondary distance between the two proteins. Defined succinctly, the secondary distance
represents the likelihood that two selected proteins will not be in the same cluster.

This approach has four steps:

1. A primary distance d between any two proteins in a PPI network are measured by
the minimum number of steps required to connect them. Each valid step is a known,
physical protein-protein interaction. Users are allowed to select groups of proteins
to be analyzed either by choosing a single protein and establishing a cutoff distance
value or by providing the program with a list of proteins.

2. Next, agglomerative hierarchical clustering is appliedto the sub-table of primary dis-
tances generated in the first step to produceN alternative and equally-valid clustering
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solutions. The user specifies a value forN before starting the analysis. UVCLUSTER
first randomly samples the elements of the dataset and then clusters them according
to the group average linkage. The agglomerative process ends when the affinity
coefficient (AC) is reached. TheAC is defined as follows:

AC = 100[(Pm − Cm)/(Pm − 1)], (1.12)

whereCm (the cluster mean) is the average of the distances for all elements included
in the clusters andPm (the partition mean) is the average value of distances for the
whole set of selected proteins.AC value is selectly by the user at the start of the
process.

3. Once the dataset ofN alternative solutions has been obtained, the number of pairs of
elements that appear together in the same cluster is counted. A secondary distance
d′ between two elements is defined as the number of solutions in which those two
elements do not appear together in the same cluster, dividedby the total number of
solutions (N ). In effect, the secondary distance iteratively resamplesthe original
primary distance data, thus indicating the strength of the connection between two
elements. Secondary distance represents the likelihood that each pair of elements will
appear in the same cluster when many alternative clusteringsolutions are generated.

4. After the generation of secondary distance data, the proteins can be clustered us-
ing conventional methods such as UPGMA (Unweighted Pair Group Method with
Arithmetic Mean) or neighbor-joining. The results of an agglomerative hierarchical
clustering process in which UPGMA is applied to the secondary distance data are
placed in a second UVCLUSTER output file. A third output file contains a graphical
representation of the data in PGM (Portable GreyMap) format. To generate the PGM
file, proteins are ordered according to the results described in the second output file.

The use of UVCLUSTER offers four significant benefits. First,the involvement of
the secondary distance value facilitates identification ofsets of closely-linked proteins.
Furthermore, it allows the incorporation of previously-known information in the discovery
of proteins involved in a particular process of interest. Third, guided by theAC value, it can
establish groups of connected proteins even when some information is currently unavailable.
Finally, UVCLUSTER can compare the relative positions of orthologous proteins in two
species to determine whether they retain related functionsin both of their interactomes.

1.3.3.4 Similarity Learning Method
By incorporating very limited annotation data, a similarity learning method is introduced

in [70].
The method defines the similarity between two proteins in a probabilistic framework.

Edges in the network are regarded as a means of message passing. Each protein propa-
gates its function to neighboring proteins. Meanwhile, each protein receives these function
messages from its neighboring proteins to decide its own function. The final probability
of a protein having a specific function is therefore a conditional probability defined on
its neighbors’ status of having this function annotation. For a certain functional label in
consideration, the probability of a proteinA having this function isP (A). Another protein
B’s probability of having this function by propagation usingA as the information source
can then be represented as a conditional probabilityP (B|A). This conditional probability
gives the capability ofA’s function being transferred toB via the network. The similarity
between proteins A and B is defined as the product of two conditional probabilities:
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SimilarityAB = P (A|B) ∗ P (B|A).

Now the problem of estimating the similarity between two proteins is changed into
estimating the two conditional probabilities. For this purpose, a statistic model is defined
to predict the conditional probabilities using topological features. Since in most organisms,
there are certain amount of annotation data for proteins, some training samples are available.
The method uses a two-step approach:

1. Model training step: known annotation data are used to estimate the parameters in
the model.

2. Conditional probability estimation step: the numericalvalues of the conditional prob-
abilities are calculated using the model and the parametersestimated in the previous
step.

Unsupervised clustering method can be applied on the resulting similarity matrix.

1.3.3.5 Summary
This subsection has provided a review of a series of approaches to distance-based clus-

tering. The first category of approaches uses classic distance measurement methods, which
offered a variety of coefficient formulas to compute the distance between proteins in PPI
networks. The second class of approaches defines a distance measure based on network
distance, including the shortest path length, combined strength of paths of various lengths,
and the average number of steps a Brownian particle takes to move from one vertex to
another. The third approach type, exemplified by UVCLUSTER,defines a primary and
a secondary distance to establish the strength of the connection between two elements in
relationship to all the elements in the analyzed dataset. The forth is a similarity learning
approach by incorporating some annotation data. Although these four categories of ap-
proaches each involve different methods for distance measurement, they all apply classic
clustering approaches to the computed distance between proteins.

1.3.4 Graph-based Clustering

A protein-protein interaction network is an unweighted graph in which the weight of each
edge between any two proteins is either 1 or 0. This section will explore graph-based
clustering, another class of approaches to the process of clustering. Graph-based clustering
techniques are explicitly presented in terms of a graph, thus converting the process of
clustering a dataset into such graph-theoretical problemsas finding a minimum cut or
maximal subgraphs in the graphG.

1.3.4.1 Finding Dense Subgraphs
The goal of this class of approaches is to identify the densest subgraphs within a graph;

specific methods vary in the means used to assess the density of the subgraphs. Five
variations on this theme will be discussed in this subsection.

Enumeration of complete subgraphs
This approach is to identify all fully connected subgraphs (cliques) by complete enu-

meration [80]. In general, finding all cliques within a graphis an NP-complete problem.
Exceptionally, however, this problem is anti-monotonic, meaning that, if a subset of set A
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Figure 1.4. Example of Enumeration of complete subgraphs.

is not a clique, then set A is also not a clique. Because of thisproperty, regions of density
can be quickly identified in sparse graphs. In fact, to find cliques of size n, one needs only
to enumerate those cliques that are of size n-1. Assume a process which starts from the
smallest statistically significant number, which is 4 in thecase depicted in Figure 1.4. All
possible pairs of edges in the nodes will be considered. For example, as shown in Figure
1.4., to examine the edgeAB andCD, we must check for edges betweenAC, AD, BC and
BD. If these edges all connect, they are considered fully connected, and a cliqueABCD
has thus been identified. To test every identified cliqueABCD, all known proteins will be
successively selected. If for proteinE, there existEA, EB, EC, ED, then the clique will
be expanded toABCDE. The end result of this process is the generation of cliques which
are fully internally connected.

While this approach is simple, it has several drawbacks. The basic assumption underlying
the method - that cliques must be fully internally connected- does not accurately reflect the
real structure of protein complexes and modules. Dense subgraphs are not necessarily fully
connected. In addition, many interactions in the protein network may fail to be detected
experimentally, thus leaving no trace in the form of edges.

Monte Carlo optimization
Seeking to address these issues, Spirin and Mirny[80] introduced a new approach which

searches for highly-connected rather than fully-connected sets of nodes. This was concep-
tualized as an optimization problem involving the identification of a set ofn nodes that
maximizes the object functionQ, defined as follows:

Q(P ) =
2m

n · (n − 1)
. (1.13)

The termm enumerates the edges(interactions) among then nodes in the subgraphP . In
this formula, the functionQ characterizes the density of a cluster. If the subset is fully
connected,Q equals 1; if the subset has no internal edge ,Q equals 0. The goal is to find a
subset withn nodes which maximizes the objective functionQ.

A Monte Carlo approach is used to optimize the procedure. Theprocess starts with
a connected subsetS of n nodes. These nodes are randomly picked from the graph and
then updated by adding or deleting selected nodes from setS, then remain the nodes which
increase functionQ of S. These steps are repeated until the maximumQ is identified; this
yields ann-node subset with high density.

Another quality measure used in this approach is the sum of the shortest distances
between selected nodes. Correspondingly, a similar Monte Carlo approach is applied to
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minimize this value. This process proceeds as follows. At timet = 0, a random set ofM
nodes is selected. For each pair of nodesi, j from this set, the shortest pathLij betweeni
andj on the graph is calculated. The sum of all shortest pathsLij from this set is denoted
asL0. At each time step, one of M nodes is randomly selected and replaced by random
one from among its neighbors. To assess whether the originalnode is to be replaced by
this neighbor, the new sum of all shortest paths,L1, is then calculated. IfL1 < L0, the
replacement is accepted with probability 1. IfL1 > L0, the replacement is accepted with

probabilityexp−
L1−L0

T , whereT is the effective temperature. At every tenth time step, an
attempt is made to replace one of the nodes from the current set with a node that has no edges
with the current set. This procedure ensures that the process is not caught in an isolated
disconnected subgraph. This process is repeated either until the original set converges to a
complete subgraph or for a predetermined number of steps. The tightest subgraph, defined
as the subgraph corresponding to the smallestL0, is then recorded. The recorded clusters
are merged and redundant clusters are removed. The use of a Monte Carlo approach allows
smaller pieces of the cluster to be separately identified rather focusing exclusively on the
whole cluster. Monte Carlo simulations are therefore well suited to recognizing highly
dispersed cliques.

The experiments conducted by Spirin started with the enumeration of all cliques of size
3 and larger in a graph withN = 3, 992 nodes andM = 6, 500 edges. Additionally, 1,000
random graphs of the same size and degree distribution were constructed for comparison.
Using the approach described above, more than 50 protein clusters of sizes from 4 to 35
were identified. In contrast, the random networks containedvery few such clusters. This
work indicated that real complexes have many more interactions than the tightest complexes
found in randomly-rewired graphs. In particular, clustersin a protein network have many
more interactions than their counterparts in random graphs.

Redundancies in PPI network
Samanta and Liang [76] took a statistical approach to the clustering of proteins. This

approach assumes that two proteins that share a significantly larger number of common
neighbors than would arise randomly will have close functional associations. This method
first ranks the statistical significance of forming shared partnerships for all protein pairs in
the PPI network and then combines the pair of proteins with least significance. The p-value
is used to rank the statistical significance of the relationship between two proteins. In the
next step, the two proteins with smallest p-value are combined and are considered to be in
the same cluster. This process is repeated until a thresholdis reached. The steps of the
algorithm are described in more detail as follows:

First, thep-values [81] for all possible protein pairs are computed andstored in a matrix.
The formula of computingp-value between two proteins is shown in Equation 1.14:

P (N,n1, n2,m) =

(

N
m

)(

N − m
n1 − m

)(

N − n1

n2 − m

)

(

N
n1

)(

N
n2

)

=

(

n1

m

)(

N − n1

n2 − m

)

(

N
n2

)

=
(N − n1)! (N − n2)! n1! n2!

N ! m! (n1 − m)! (n2 − m)! (N − n1 − n2 + m)!
,

(1.14)
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Figure 1.5. If the element (m, n) has the lowestp-value, a cluster is formed with proteinsm and
n. Therefore, rows/columnsm andn are merged with newp-value of the merged row/column as
geometric mean of the separatep-values of the corresponding elements. Figure is adapted from [76]

whereN is the number of the proteins in the network, each protein in the pair hasn1 and
n2 neighbors, respectively, andm is the number of neighbors shared by both proteins. This
formula is symmetric with respect to interchange ofn1 andn2. It is a ratio in which the
denominator is the total number of ways that two proteins canhaven1 andn2 neighbors. In
the numerator, the first term represents the number of ways bywhichm common neighbors
can be chosen from allN proteins. The second term represents the number of ways by
which n1 − m remaining neighbors can be selected from the remainingN − m proteins.
The last term represents the number of ways by whichn2 −m remaining neighbors can be
selected, none of which can match any of then1 neighbors of the first protein.

Second, the protein pair with the lowest p-value is designated as the first group in the
cluster. As illustrated in Figure 1.5., the rows and columnsfor these two proteins are merged
into one row and one column. The probability values for this new group are the geometric
means of the two original probabilities (or the arithmetic means of thelogP values). This
process is repeated until a threshold is reached, adding elements to increase the size of the
original cluster. The protein pair with the second-lowestp-value is selected to generate the
next cluster.

As mentioned in Section 3.2, a high rate of false positives typically creates significant
noise which disrupts the clustering of protein complexes and functional modules. This
method overcomes this difficulty by using a statistical technique that forms reliable func-
tional associations between proteins from noisy interaction data. The statistical significance
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of forming shared partnerships for all protein pairs in the interaction network is ranked. This
approach is grounded on the hypothesis that two proteins with a significantly larger number
of common interaction pairs in the measured dataset than would arise randomly will also
have close functional links[76] .

To validate this hypothesis, all possible protein pairs were ranked in the order of their
probabilities. For comparison, the corresponding probabilities were examined for a ran-
dom network with the same number of nodes and edges but with different connections. The
connections in the random network were generated from a uniform distribution. The com-
parison suggests that the associations in the real dataset contain biologically meaningful
information. It also indicates that such low-probability associations did not arise simply
from the scale-free nature of the network.

Molecular complex detection (MCODE)
Molecular complex detection (MCODE), proposed by Bader andHogue [8], is an effec-

tive approach for detecting densely-connected regions in large protein-protein interaction
networks. This method weights a vertex by local neighborhood density, chooses a few
seeds with high weight, and isolates the dense regions according to given parameters. The
MCODE algorithm operates in three steps: vertex weighting,complex prediction, and op-
tional postprocessing to filter or add proteins to the resulting complexes according to certain
connectivity criteria.

In the first step, all vertices are weighted based on their local network density using
the highestk-core of the vertex neighborhood. The core-clustering coefficient of a vertex
v is defined to be the density of the highestk-core of the vertices connected directly to
v and alsov itself (which is called immediate neighborhood ofv). Compared with the
traditional clustering coefficient, the core-clustering coefficient amplifies the weighting of
heavily-interconnected graph regions while removing the many less-connected vertices that
are usually part of a biomolecular interaction network. Foreach vertexv, the weight ofv
is:

w = k × d, (1.15)

whered is the density of the highestk-core graph from the set of vertices including all
the vertices directly connected withv and vertexv itself. For example, using the example
provided in Figure 1.2., the 2-core weight of nodeA is 2× 2×5

5×(5−1) = 1. It should be noted
that nodeD is not included in the 2-core node set because the degree of nodeD is 1.

The second step of the algorithm is the prediction of molecular complexes. With a
vertex-weighted graph as input, a complex with the highest-weighted vertex is selected as
the seed. Once a vertex is included, its neighbors are recursively inspected to determine if
they are part of the complex. Then the seed is expanded to a complex until a threshold is
encountered. The algorithm assumes that complexes cannot overlap (this condition is more
fully addressed in step three), so a vertex is not checked more than once. This process stops
when, as governed by the specified threshold, no additional vertices can be added to the
complex. The vertices included in the complex are marked as having been examined. This
process is repeated for the next-highest unexamined weighted vertex in the network. In
this manner, the densest regions of the network are identified. The vertex weight threshold
parameter defines the density of the resulting complex.

Post-processing occurs optionally in the third step of the algorithm. Complexes are
filtered out if they do not contain at least a 2-core node set. The algorithm may be run
with the “fluff” option, which increases the size of the complex according to a given fluff
parameter between 0.0 and 1.0. For every vertexv in the complex, its neighbors are added to
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the complex if they have not yet been examined and if the neighborhood density (including
v) is higher than the given fluff parameter. Vertices that are added by the fluff parameter
are not marked as examined, so there can be overlap among predicted complexes with the
fluff parameter set.

Evaluated using the Gavin [25] and MIPS [60] data set, MCODE effectively finds
densely-connected regions of a molecular interaction network based solely on connectivity
data. Many of these regions correspond to known molecular complexes.

Summary
This subsection has introduced a series of graph-based clustering approaches which are

structured to maximize the density of subgraphs. The first approach examined seeks to
identify fully-connected subgraphs within the network. The second approach improves
upon this method by optimizing a density function for findinghighly-connected rather than
fully-connected subgraphs. The third approach merges pairs of proteins with the lowest
p-values, indicating that those proteins have a strong relationship, to identify the dense
subgraphs within the network. The final approach discussed assigns each vertex a weight
to represent its density in the entire graph and uses the vertex with the highest weight as the
seed to generate to a dense subgraph. These approaches all use the topology of the graph
to find a dense subgraph within the network and to maximize thedensity of each subgraph.

1.3.4.2 Finding Minimum Cut
A second category of graph-based clustering approaches generates clusters by trimming

or cutting a series of edges to divide the graph into several unconnected subgraphs. Any edge
which is removed should be the least important (minimum) in the graph, thus minimizing the
informational cost of removing the edges. Here, the least important is based on the structure
of the graph. It doesn’t mean the interaction between these two proteins is not important.
This subsection will present several techniques which are based upon this method.

Highly connected subgraph (HCS) algorithm
The Highly-connected subgraph or HCS method [33] is a graph-theoretic algorithm

which separates a graph into several subgraphs using minimum cuts. The resulting sub-
graphs satisfy a specified density threshold. Despite its interest in density, this method
differs from approaches discussed earlier which seek to identify the densest subgraphs.
Rather, it exploits the inherent connectivity of the graph and cuts the most unimportant
edges to find highly-connected subgraphs.

Some graph-theoretic concepts should first be defined at thispoint. Theedge-connectivity
k(G) of a graphG is the minimum numberk of edges whose removal results in a discon-
nected graph. Ifk(G) = l thenG is termed anl-connected orl-connectivity graph. For ex-
ample, in Figure 1.6., the graphG is a 2-connectivity graph because we need at least cut two
edges (dashed lines in graph) to produce a disconnected graph. Ahighly connectedsubgraph
(HCS) is defined as a subgraph whoseedge-connectivity exceeds half the number of ver-
tices. For example, in Figure 1.6., graphG1 is ahighly connected subgraph because its
edge-connectivity k(G) = 3 is more than half of the vertices number. Acut in a graph is a
set of edges whose removal disconnects the graph. Aminimumcut (abbreviatedmincut)
is a cut with a minimum number of edges. Thus, a cutS is a minimum cut of a non-trivial
graphG iff |S| = k(G). The length of a path between two vertices consists of the number
of edges in the path. The distanced(u, v) between verticesu andv in graphG is the
minimum length of their connecting path, if such path exists; otherwised(u, v) = ∞. The
diameter of a connected graphG, denoteddiam(G), is the longest distance between any
two vertices inG. The degree of vertexv in a graph, denoteddeg(v), is the number of
edges incident to the vertex.
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Figure 1.6. An example of applying the HCS algorithm to a graph. Minimum cut edges aredenoted
by broken lines. Figure is adapted from [33]

The algorithm identifies highly-connected subgraphs as clusters. The HCS algorithm
is detailed below, and Figure 1.6. contains an example of itsapplication. GraphG is first
separated into two subgraphsG1 andG2, whichG1 is ahighly connected subgraph and
G2 is not. SubgraphG2 is separated into subgraphsG3 andG4. This process produces
threehighly connected subgraphs G1, G3 andG4, which are considered clusters.

HCS(G(V, E)) algorithm
begin

(H, H, C) ← MINCUT (G)
if G is highly connected

then return(G)
else

HCS(H)

HCS(H)

end

The HCS algorithm generates solutions with desirable properties for clustering. The
algorithm has low polynomial complexity and is efficient in practice. Heuristic improve-
ments made to the initial formulation have allowed this method to generate useful solutions
for problems with thousands of elements in a reasonable computing time.

Restricted Neighborhood Search Clustering Algorithm (RNSC)
In [45], King et al. proposed a cost-based local search algorithm based on the tabu

search metaheuristic [31]. In the algorithm, a clustering of a graphG = (V,E) is defined
as a partitioning of the node setV . The process begins with an initial random or user-input
clustering and defines a cost function. Nodes are then randomly added to or removed from
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Figure 1.7. An example of RNSC approach.

clusters to find a partition with minimum cost. The cost function is based on the number
of invalid connections. An invalid connection incident with v is a connection that exists
betweenv and a node in a different cluster, or, alternatively, a connection that does not exist
betweenv and a nodeu in the same cluster asv.

The process begins with an initial random or user-input clustering and defines a cost
function. Nodes are then randomly added to or removed from clusters to find a partition
with minimum cost. The cost function is based on the number ofinvalid connections.

Consider a nodev in a graphG, and a clusteringC of the graph. Letαv be the number
of invalid connections incident withv. The naive cost function ofC is then defined as

Cn(G,C) =
1

2

∑

v∈V

αv, (1.16)

whereV is the set of nodes inG. For a vertexv in G with a clusteringC, letβv be the size
of the following set:v itself, any node connected tov, and any node in the same cluster as
v. This measure reflects the size of the area thatv influences in the clustering. The scaled
cost function ofC is defined as:

Cn(G,C) =
|V | − 1

3

∑

v∈V

αv

βv

. (1.17)

For example, in Figure 1.7., if the eight vertices are grouped into two clusters as shown,
the naive cost functionCn(G,C) = 2, and the scaled cost functionCn(G,C) = 20

9 .
Both cost functions seek to define a clustering scenario in which the nodes in a cluster

are all connected to one another and there are no other connections between two clusters.
The RNSC approach searches for a low-cost clustering solution by optimizing an initial
state. Starting with an initial clustering defined randomlyor by user input, the method
iteratively moves a node from one cluster to another in a random manner. Since the RNSC
is randomized, different runs on the same input data will result in different clustering results.
To achieve high accuracy in predicting true protein complexes, the RNSC output is filtered
according to a maximum P-value selected for functional homogeneity, a minimum density
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value, and a minimum size. Only clusters that satisfy these three criteria are presented as
predicted protein complexes.

Super paramagnetic clustering (SPC)
The super-paramagnetic clustering (SPC) method uses an analogy to the physical prop-

erties of an inhomogenous ferromagnetic model to find tightly-connected clusters in a large
graph [11, 27, 28]. Every node on the graph is assigned a Pottsspin variableSi = 1, 2, ..., q.
The value of this spin variable Si engages in thermal fluctuations which are determined by
the temperatureT and the spin values of the neighboring nodes. Two nodes connected by
an edge are likely to have the same spin value. Therefore, thespin value of each node tends
to align itself with that of the majority of its neighbors.

The SPC procedure proceeds via the following steps:

1. Assign to each point−→xi a q-state Potts spin variableSi.

2. Find the nearest neighbors of each point according to a selected criterion; measure
the average nearest-neighbor distancea.

3. Calculate the strength of the nearest-neighbor interactions using Eq. (19).

Jij = Jji =
1

K̂
exp(−‖−→xi −−→xj‖2

2a2
), (1.18)

whereK̂ is the average number of neighbors per site.

4. Use an efficient Monte Carlo procedure with Eq. (20) to calculate the susceptibility
χ.

χ =
N

T
(〈m2〉 − 〈m〉2),m =

(Nmax/N)q − 1

q − 1
, (1.19)

whereNmax = max{N1, N2, , Nq} andNµ is the number of spins with the valueµ.

5. Identify the range of temperatures corresponding to the superparamagnetic phase,
betweenTfs, the temperature of maximalχ, and the (higher) temperatureTps where
χ diminishes abruptly. Cluster assignment is performed atTclus = (Tfs + Tps)/2.

6. Once theJij have been determined, the spin-spin correlation function can be obtained
by a Monte Carlo procedure. Measure atT = Tclus the spin-spin correlation function,
〈δSi,Sj

〉, for all pairs of neighboring points−→xi and−→xj .

7. Clusters are identified according to a thresholding procedure. If〈δSi,Sj
〉 > θ, points

−→xi ,−→xj , are defined as “friends”. Then all mutual friends (including friends of friends,
etc.) are assigned to the same cluster.

The SPC algorithm is robust in conditions with noise and initialization errors and has
been shown to identify natural and stable clusters with no requirement for pre-specifying
the number of clusters. Additionally, clusters of any shapecan be identified.

Markov clustering
The Markov clustering (MCL) algorithm was designed specifically for application to

simple and weighted graphs [82] and was initially used in thefield of computational graph
clustering [83]. The MCL algorithm finds cluster structuresin graphs by a mathematical
bootstrapping procedure. The MCL algorithm simulates random walks within a graph by
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Figure 1.8. (A) Example of a protein-protein similarity graph for seven proteins (A-F), circles
represent proteins (nodes) and lines (edges) represent detected BLASTp similarities with E-values
(also shown). (B) Weighted transition matrix for the seven proteins shownin (A). (C)Associated
column stochastic Markov matrix for the seven proteins shown in (A). Figure is adapted from [21]

the alternation of expansion and inflation operations. Expansion refers to taking the power
of a stochastic matrix using the normal matrix product. Inflation corresponds to taking the
Hadamard power of a matrix (taking powers entrywise), followed by a scaling step, so that
the resulting matrix is again stochastic.

Enright et al. [21] employed the MCL algorithm for the assignment of proteins to
families. A protein-protein similarity graph is represented as described in Section 2 and as
illustrated in Figure 1.8.A. Nodes in the graph represent proteins that are desirable clustering
candidates, while edges within the graph are weighted according to a sequence similarity
score obtained from an algorithm such as BLAST [5]. Therefore, the edges represent the
degree of similarity between these proteins.

A Markov matrix (as shown in Figure 1.8.B) is then constructed in which each entry in
the matrix represents a similarity value between two proteins. Diagonal elements are set
arbitrarily to a “neutral” value and each column is normalized to produce a column total of
1. This Markov matrix is then provided as input to the MCL algorithm.

As noted above, the MCL algorithm simulates random walks within a graph by alternating
two operators: expansion and inflation. The structure of theMCL algorithm is described
by the flowchart in Figure 1.9.. After parsing and normalization of the similarity matrix,
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Figure 1.9. This flowchart of the TRIBE-MCL algorithm is from [21] with permission from Oxford
University Press.

the algorithm starts by computing the graph of random walks of an input graph, yielding a
stochastic matrix. It then uses iterative rounds of the expansion operator, which takes the
squared power of the matrix, and the inflation operator, which raises each matrix entry to
a given power and then rescales the matrix to return it to a stochastic state. This process
continues until there is no further change in the matrix. At last, the final matrix is interpreted
as protein clusters with some post processing and domain correction.

Given a matrixM ∈ Rk×k,M > 0, and a real number,r > 1, the column stochastic
matrix resulting from inflating each of the columns ofM with power coefficientr is denoted
by ΓrM , andΓr represents the inflation operator with power coefficientr. Formally the
action ofΓr : Rk×k → Rk×k is defined by:

(ΓrM)pq = (Mpq)
r/

k
∑

i=1

(Miq)
r (1.20)

Each columnj of a stochastic matrixM corresponds with nodej of the stochastic graph
associated with the probability of moving from nodej to nodei. For values ofr > 1,
inflation changes the probabilities associated with the collection of random walks departing
from one particular node by favoring more probable over lessprobable walks.
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Here expansion and inflation are iteratively used in the MCL algorithm to strengthen the
graph where it is strong and to weaken where it is weak until equilibrium is reached. At
this point, clusters can be identified according to a threshold. If the weight between two
proteins is less than the threshold, the edge between them can be deleted. An important
advantage of the algorithm is its “bootstrapping” nature, retrieving cluster structure via the
imprint made by this structure on the flow process. Additionally, the algorithm is fast and
very scalable, and its accuracy is not compromised by edges between different clusters.
The mathematics underlying the algorithm is indicative of an intrinsic relationship between
the process it simulates and cluster structure in the input graph.

Line graph generation
Pereira-Leal et al. [73] expressed the network of proteins (e.g., nodes) connected by

interactions (e.g., edges) as a network of connected interactions. Figure 1.10.(a) exemplifies
an original protein interaction network graph, in which thenodes represent proteins and the
edges represent interactions. Periera-Leal’s method generates from this an associated line
graph, such as that depicted in Figure 1.10.(b), in which edges now represent proteins and
nodes represent interactions. This simple procedure is commonly used in graph theory.

First, the protein interaction network is transformed intoa weighted network, where
the weights attributed to each interaction reflect the degree of confidence attributed to that
interaction. Confidence levels are determined by the numberof experiments as well as
the number of different experimental methodologies that support the interaction. Next,
the network connected by interactions is expressed as a network of interactions, which
is known in graph theory as a line graph. Each interaction is condensed into a node that
includes the two interacting proteins. These nodes are thenlinked by shared protein content.
The scores for the original constituent interactions are then averaged and assigned to each
edge. Finally, an algorithm for clustering by graph flow simulation, TribeMCL [21], is
used to cluster the interaction network and then to reconvert the identified clusters from an
interaction-interaction graph back to a protein-protein graph for subsequent validation and
analysis.

This approach focuses on structure of the graph itself and what it represents. It has been
included here among the graph-based minimum cutting approaches because it employs
the MCL method for clustering. This approach has a number of attractive features. It
does not sacrifice informational content, because the original bidirectional network can be
recovered at the end of the process. Furthermore, it takes into account the higher-order
local neighborhood of interactions. Additionally, the graph it generates is more highly
structured than the original graph. Finally, it produces anoverlapping graph partitioning
of the interaction network, implying that proteins may be present in multiple functional
modules. Many other clustering approaches cannot place elements in multiple clusters. This
represents a significant inability on the part of those approaches to represent the complexity
of biological systems, where proteins may participate in multiple cellular processes and
pathways.

Pereira-Leal’s group used the protein interaction networkderived from the yeast subset
of the Database of Interacting Proteins (DIP), which consists of 8,046 physical interac-
tions involving 4,081 yeast proteins. For each protein in a cluster, the research team ob-
tained manually-derived regulatory and metabolic classifications (KEGG), automatic func-
tional classifications (GQFC), and cellular localization information (LOC) from KEGG,
GeneQuiz, and MIPS, respectively. On average, the coverageof clusters is 20 regulatory
and metabolic roles in KEGG, 45 classes in GeneQuiz, and 48 MIPS.
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Figure 1.10. Transforming a network of proteins to a network of interactions. (a) Schematic
representation illustrating a graph representation of protein interactions: nodes correspond to proteins
and edges to interactions. (b) Schematic representation illustrating the transformation of the protein
graph connected by interactions to an interaction graph connected by proteins. Each node represents a
binary interaction and edges represent shared proteins. Note that labels that are not shared correspond
to terminal nodes in (a) in this particular case, A, D, E, and F in edges AB, CD, CE, CF. (c) Graph
illustrating a section of a protein network connected by interactions. (d) Graph illustrating the increase
in structure as an effect of transforming the protein graph in (c) to an interaction graph. (e) Graph
representation of Yeast protein interactions in DIP. (f) Graph representing a pruned version of (e)
with the reconstituted interactions after transformation and clustering, as descr ibed in Materials and
Methods. These graphs were produced by using BioLayout. Figure is from [73] with permission
from Wiley-Liss, Inc., A Wiley Company.
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Summary
This subsection has profiled a selection of graph-based clustering approaches which min-

imize the cost of cutting edges. The first approach discusseddefines a highly-connected
subgraph and then repeatedly performs a minimum cut until all subgraphs are highly con-
nected. The second approach efficiently searches the space of partitions of all nodes and
assigns each a cost function related to cutting the edges in the graph. Identification of the
lowest-cost partitions becomes synonymous with finding those clusters with minimum cut-
ting. The third approach assigns each node a Potts spin valueand computes the spin-spin
correlation function. If the correlation between two spinsexceeds a threshold, the two pro-
teins are assigned to the same cluster. The MCL algorithm, which was the fourth presented
approach, uses iterative rounds of expansion and inflation to promote flow through the graph
where it is strong and to remove flow where it is weak. Clustersare then generated via min-
imum cutting. The final approach discussed transforms the network of proteins connected
by interactions into a network of connected interactions and then uses the MCL algorithm
to cluster the interaction network. The first two approachesuse the topology of the network
to remove the edges in the network; in these methods, the edges have no weight. The other
approaches assign each edge a weight which represents the similarity of two proteins; edges
with low weights are then cut.

1.4 VALIDATION

So far, this chapter has reviewed a series of approaches to clustering within protein-protein
interaction networks. These approaches aim to find functional modules to predict unan-
notated protein functions based on the structure of an annotated PPI network. However,
disparate results can be generated using different approaches and even from the repeated
application of a given approach with different parameters.Therefore, these solutions must
be carefully compared with predicted results in order to select the approach and parameters
which provide the best outcome. Validation is a process of evaluating the performance of
the clustering or prediction results derived from different approaches. This section will
introduce several basic validation approaches for clustering used in proteomics.

A survey performed by Jiang et al.[42] of clustering of gene expression data revealed
three main components to cluster validation: evaluation ofperformance based on ground
truth, an intuitive assessment of cluster quality, and an assessment of the reliability of the
cluster sets. These components are also relevant to the evaluation of clustering performance
in proteomics.

1.4.1 Validation Based on Agreement with Annotated Protein Function
Databases

Clustering results can be compared with ground truth derived from various protein domain
databases, such as InterPro, the Structural Classificationof Protein (SCOP) database, and the
Munich Information Center (MIPS) hierarchical functionalcategories [13, 21, 48]. These
databases are collections of well-characterized proteinsthat have been expertly classified
into families based on their folding patterns and a variety of other information.

In Jiang’s et al. [42] work, some simple validation methods are listed which use con-
struction of ann × n matrix C based on the clustering results, wheren is the number of
data objects.Cij = 1 if object pairsOi andOj belong to the same cluster andCij = 0
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otherwise. Similarly, a matrixP is built based on the ground truth. Several indices are
defined to measure the degree of similarity betweenC andP .

However, simply counting matches while comparing each predicted cluster against each
complex in the data set does not provide a robust evaluation.In cases where each cluster
corresponds to a purification, a maximal number of matches will be found, which leads to
maximally-redundant results. Krause et al. [48] defined thecriteria to assess the fit of the
clustering results to the benchmark data set:

1. The number of clusters matching ground truth should be maximal.

2. The number of clusters matching an individual complex should be one.

3. Each cluster should map to one complex only. Clusters matching more than one
complex are possibly predicted too inclusive.

4. Complexes should have a similar average size and size distribution to the data set.

Application of these criteria allows a more accurate comparison between clustering
results and ground truth, as a one-to-one correspondence isrequired between predicted
clusters and complexes.

1.4.2 Validation Based on the Definition of Clustering

Clustering is defined as the process of grouping data objectsinto sets by degree of similarity.
Clustering results can be validated by computing the homogeneity of predicted clusters or
the extent of separation between two predicted clusters. The quality of a clusterC increases
with higher homogeneity values withinC and lower separation values betweenC and other
clusters.

The homogeneity of clusters may be defined in various ways; all measure the similarity
of data objects within clusterC.

H1(C) =

∑

Oi,Oj∈C,Oi 6=Oj
Similarity(Oi, Oj)

‖C‖ · (‖C‖ − 1)
(1.21)

H2(C) =
1

‖C‖
∑

Oi∈C

Similarity(Oi, O) (1.22)

H1 represents the homogeneity of clusterC by the average pairwise object similarity
within C. H2 evaluates the homogeneity with respect to the “centroid” ofthe clusterC,
whereŌ is the “centroid” ofC.

Cluster separation is analogously defined from various perspectives to measure the dis-
similarity between two clustersC1 andC2. For example:

S1(C1, C2) =

∑

Oi∈C1,Oj∈C2
Similarity(Oi, Oj)

‖C1‖ · ‖C2‖
(1.23)

S2(C1, C2) = Similarity(O1, O2) (1.24)
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1.4.3 Validation Based on the Reliability of Clusters

The performance of clustering results can also be validatedby the reliability of clusters,
which refers to the likelihood that the cluster structure has not arisen by chance. The
significance of the derived clusters is typically measured by the P-value.

In [3], Bu et al. mapped 76 uncharacterized proteins in 48 quasi-cliques in the MIPS
hierarchical functional categories. Each protein was assigned a function according to the
main function of its hosting quasi-clique. For each cluster, P-values were calculated to mea-
sure the statistical significance of functional category enrichment. The P-value is defined
as follows:

P = 1 −
k−1
∑

i=0

(

C
i

)(

G − C
n − i

)

(

G
n

) , (1.25)

whereC is the total number of proteins within a functional categoryandG is the total
number of proteins within the graph. The authors regarded assignificant those clusters
with P-values smaller than0.01/NC (hereNC is the number of categories).

1.4.4 Validation for Protein Function Prediction

Leave-one-out method
Deng et al. [18] used a leave-one-out method to measure the accuracy of clustering

predictions. This method randomly selects a protein with known functions and then hypo-
thetically assumes its functions to be unknown. Predictionmethods are then used to predict
its functions, and these are compared with the actual functions of the protein. The process
is then repeated forK known proteins,Pi, ..., PK . Let ni be the number of functions for
proteinPi in YPD, mi be the number of predicted functions for proteinPi, andki be the
overlap between these functions. The specificity (SP) and sensitivity can be defined as

SP =

∑K
i ki

∑K
i mi

(1.26)

SN =

∑K
i ki

∑K
i ni

(1.27)

Trials using MIPS and other data sets have produced results which are very consistent
with those of the distributions of expression correlation coefficients and reliability estima-
tions.

1.5 CONCLUSION

This chapter has provided a review of a set of clustering approaches which have yielded
promising results in application to protein-protein interaction networks. Clustering ap-
proaches for PPI networks can be broadly differentiated between the classic distance-
based methods and the more recently-developed graph-basedapproaches. Given a network
comprised of proteins and their interactions, distance-based clustering approaches assign
weights to each protein pair based on their interactions anduse classic clustering techniques
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to generate predicted clusters. With graph-based approaches, the PPI network is viewed
as an unweighted network. Clustering algorithms are employed to identify subgraphs with
maximal density or with a minimum cost of cut-off based on thetopology of the network.
Clustering a PPI network permits a better understanding of its structure and the interrela-
tionship of constituent components. More significantly, italso becomes possible to predict
the potential functions of unannotated proteins by comparison with other members of the
same cluster.
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