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With completion of a draft sequence of the human genome, the field @tigerstands on the
threshold of significant theoretical and practical advances. Crucfattizering these investiga-
tions is a comprehensive understanding of the expression, funatiomegulation of the proteins
encoded by an organism. It has been observed that proteins settlassangle isolated species
in the performance of their functions; rather, proteins involved in theeszetular processes often
interact with each other. Therefore, the functions of uncharacteprateins can be predicted
through comparison with the interactions of similar known proteins. A detakachination of the
protein-protein interaction (PPI) network can thus yield significant nederstanding of protein
function. Clustering is the process of grouping data objects into sets feluateich demonstrate
greater similarity among objects in the same cluster than in different clugtkrstering in the PPI
network context groups together proteins which share a larger nuhivgeractions. The results
of this process can illuminate the structure of the PPI network and sugggsible functions for
members of the cluster which were previously uncharacterized.

This chapter will begin with a brief introduction of the properties of proteiotgin interaction
networks, including a review of the data which has been generated bgxmhimental and com-
putational approaches. A variety of methods which have been empiloypagster these networks
will then be presented. These approaches are broadly charactasizsther distance-based or
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graph-based clustering methods. Techniques for validating the re§tiftsse 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 gendmdigdld of genetics stands
on the threshold of significant theoretical and practicalamdes. Crucial to furthering
these investigations is a comprehensive understandingeo&xpression, function, and
regulation of the proteins encoded by an organism [96]. Thiderstanding is the subject
of the discipline of proteomics. Proteomics encompasseisla rnge of approaches and
applications intended to explicate how complex biologmaicesses occur at a molecular
level, how they differ in various cell types, and how they altered in disease states.

Defined succinctly, proteomics is the systematic study®ftlany and diverse properties
of proteins with the aim of providing detailed descriptimfghe structure, function, and
control of biological systems in health and disease [68E fidld has burst onto the scientific
scene with stunning rapidity over the past several yeargirgil.1. shows the trend of the
number of occurrences of the term “proteome” found in Pubbyiethformatics citations
over the past decade. This figure strikingly illustratesréipadly-increasing role played by
proteomics in bioinformatics research in recent years.

A particular focus of the field of proteomics is the nature aolé of interactions be-
tween proteins. Protein-protein interactions play digexdes in biology and differ based
on the composition, affinity, and lifetime of the associatiblon-covalent contacts between
residue sidechains are the basis for protein folding, pretesembly, and protein-protein in-
teraction [65]. These contacts facilitate a variety oftiattions and associations within and
between proteins. Based on their diverse structural anctifimal characteristics, protein-
protein interactions can be categorized in several wayls {84 the basis of their interaction
surface, they may be homo-oligomeric or hetero-oligomextcjudged by their stability,
they may be obligate or non-obligate; and as measured biypghesistence, they may be
transient or permanent. A given protein-protein inteattian fall into any combination of
these three categorical pairs. An interaction may alsoireqeclassification under certain
conditions; for example, it may be mainly transient in viuet become permanent under
certain cellular conditions.

1.1.1.2 Significance of Protein-protein Interaction

It has been observed that proteins seldom act as singleeddadpecies while perform-
ing their functions in vivo [91]. The analysis of annotatewtpins reveals that proteins
involved in the same cellular processes often interact egth other [86]. The function
of unknown proteins may be postulated on the basis of th&graation with a known pro-
tein target of known function. Mapping protein-proteingrdctions has not only provided
insight into protein function but has facilitated the madglof functional pathways to elu-
cidate the molecular mechanisms of cellular processes.sftltly of protein interactions
is fundamental to understanding how proteins function withe cell. Characterizing the
interactions of proteins in a given cellular proteome wal thhe 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 spedifiiactional objective can
be demonstrated in several different ways. The measur#fbletof protein interactions
have been outlined by Phizicky and Fields [74]. Proteinraxtgons can:

o alter the kinetic properties of enzymes; this may be theresaubtle changes at the
level of substrate binding or at the level of an allosterfe&tf

e actas a common mechanism to allow for substrate channeling;
e create a new binding site, typically for small effector nwikes;
e inactivate or destroy a protein; or

e change the specificity of a protein for its substrate thrauaggraction with different
binding partners; e.g., demonstrate a new function thah@eprotein can exhibit
alone.

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

1.1.2 Experimental Approaches for PPl Detection

In early reviews, physicochemical approaches for detggiintein-protein interactions in-
cluded site-directed mutagenesis or chemical modificati@mino acid groups participat-
ing in such interactions [52, 66, 79, 84]. The following sedtsons will discuss these bioin-
formatic and functional proteomic methods. These includglistions of protein-protein
interaction via the yeast two-hybrid system, mass speatgrand protein microarrays.
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1.1.2.1 Yeast Two-hybrid System

One of the most common approaches to the detection of painsesficting proteins in
vivo is the yeast two-hybrid (Y2H) system [7, 36]. The Y2H®&ym, which was developed
by Fields and Song [23], is a molecular-genetic tool whidilifates the study of protein-
protein interactions [1]. The interaction of two proteiregtscriptionally activates a reporter
gene, and a color reaction is seen on specific media. Thisdtidih can track the interaction
between two proteins, revealing “prey” proteins which iat# with a known “bait” protein.

The yeast two-hybrid system enables both highly-sengittection of protein-protein
interactions and screening of genome libraries to ascdttaiinteraction partners of certain
proteins. The system can also be used to pinpoint proteiorregnediating the interac-
tions [37]. However, the classic Y2H system has severakditioins. First, it cannot, by
definition, detect interactions involving three or moretpios and those depending on post-
translational modifications except those applied to thedmglyeast itself [37]. Second,
since some proteins (for example, membrane proteins) ¢tdm@n@constructed in the nu-
cleus, the yeast two-hybrid system is not suitable for theai®n of interactions involving
these proteins. Finally, the method does not guaranteartiateraction indicated by Y2H
actually takes place physiologically.

Recently, numerous modifications of the Y2H approach haga beoposed which char-
acterize protein-protein interaction networks by scregrach protein expressed in a eu-
karyotic cell [24]. Drees [19] has proposed a variant whithudes the genetic information
of a third protein. Zhang et al. [92] have suggested the usRNK for the investigation
of RNA-protein interactions. Vidal et al. [85] used the URA8ne instead of GAL4 as
the reporter gene; this two-hybrid system can be used t@sdm ligand inhibition or
to dissociate such complexes. Johnson and Varshavsky §4@]froposed a cytoplasmic
two-hybrid system which can be used for screening of mengbpaotein interactions.

Despite the various limitations of the Y2H system, this aggh has revealed a wealth
of novel interactions and has helped illuminate the mageitof the protein interactome.
In principle, it can be used in a more comprehensive fasti@xamine all possible binary
combinations between the proteins encoded by any singlengen

1.1.2.2 Mass Spectrometry Approaches

Another traditional approach to PPI detection is to use tjizdive mass spectrometry
to analyze the composition of a partially-purified protetmplex together with a control
purification in which the complex of interest is not enriched

Mass spectrometry-based protein interaction experinteauts three basic components:
bait presentation, affinity purification of the complex, arthlysis of the bound proteins
[2]. Two large-scale studies [25, 35] have been publishettheprotein-protein interaction
network in yeast. Each study attempted to identify all themponents that were present
in “naturally”-generated protein complexes, which reggiessentially pure preparations
of each complex [49]. In both approaches, bait proteins vgemrerated that carried a
particular affinity tag. In the case studied by Gavin et ab]]2,739 TAP-tagged genes
were introduced into the yeast genome by homologous recatibn. Ho et al. [35]
expressed 725 proteins modified to carry the FLAG epitopebolih cases, the proteins
were expressed in yeast cells, and complexes were purified asingle immunoaffinity
purification step. Both groups resolved the components offi garified complex with
a one-dimensional denaturing polyacrylamide gel eletivopsis (PAGE) step. From the
1,167 yeast strains generated by Gavin et al. [25], 589iprotenplexes were purified, 232
of which were unique. Ho et al. [35] used 725 protein baits@detédcted 3,617 interactions
that involved 1,578 different proteins.
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Mass-spectrometry-based proteomics can be used not opiptiein identification and
quantification [16, 50, 72, 89] ,but also for protein anaysihich includes protein profiling
[51], post-translational modifications (PTMs) [55, 56] andparticular, identification of
protein-protein interactions.

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

1.1.2.3 Protein Microarray

Microarray-based analysis is a relatively high-throughpahnology which allows the
simultaneous analysis of thousands of parameters withingdesexperiment. The key
advantage of the microarray format is the use of a nonporolics surface, such as glass,
which permits precise deposition of capturing moleculesk{ps) in a highly dense and
ordered fashion. The early applications of microarrays @etction technologies were
largely centered on DNA-based applications. Today, DNAgdcray technology is a robust
and reliable method for the analysis of gene function [12}wlver, gene expression arrays
provide no information on protein post-translational nfigditions (such as phosphorylation
or glycosylation) that affect cell function. To examine gxgsion at the protein level
and acquire quantitative and qualitative information dhwoteins of interest, the protein
microarray was developed.

A protein microarray is a piece of glass on which various rogles of protein have
been affixed at separate locations in an ordered mannernfgrmicroscopic array [54].
These are used to identify protein-protein interactiomsi¢ntify the substrates of protein
kinases, or to identify the targets of biologically-actsraall molecules. The experimental
procedure for protein microarray involves choosing sdligorts, arraying proteins on the
solid supports, and screening for protein-protein intéoas.

Experiments with the yeast proteome microarray have redealnumber of protein-
protein interactions which had not previously been ideadifihrough Y2H or MS-based
approaches. Global protein interaction studies were pedd with a yeast proteome chip.
Ge [26] has described a universal protein array which psropitantitative detection of
protein interactions with a range of proteins, nucleic aciahd small molecules. Zhu
et al. [95] generated a yeast proteome chip from recombipeoiein 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 appesgarovide a useful tool for the
detection of protein-protein interactions occurring innp@ossible combinations between
specified proteins. The widespread application of thesbaalsthas generated a substantial
bank of information about such interactions. However, gt denerated can be erroneous,
and these approaches are often not completely inclusivik pdssible protein-protein in-
teractions. In order to form an understanding of the totalerse of potential interactions,
including those not detected by these methods, it is usefidtelop an approach to predict
possible interactions between proteins. The accurateqpi@dof protein-protein interac-
tions is therefore an important goal in the field of molecuénognition.

A number of approaches to PPl prediction are based on thd gea@me data. Pellegrini
et al. [71] introduced the first such method, which predictsraeraction between two
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proteins in a given organism if these two proteins have hog®In another organism. A
subsequent extension proposed by Marcotte et al. [57, 38ttdeco-localization of two
genes in different genomes. Two proteins in different oigfas are predicted to interact
if they have consecutive homologs in a single organism. Pkadet al. [17] used the
adjacency of genes in various bacterial genomes to predictibnal relationships between
the corresponding proteins. Proteins whose genes arecaliysilose in the genomes of
various organisms are predicted to interact.

Jasen et al. [40] investigated the relationship betweeteprgrotein interaction and
MRNA expression levels by analyzing existing yeast datenfeovariety of sources and
identifying general trends. Two different approaches vuesexd to analyze the two types of
available expression data; normalized differences wenepcabed for absolute expression
levels, while a more standard analysis of profile corretetiwas applied to relative expres-
sion levels. This investigation indicated that a strongtiehship exists between expression
data and most permanent protein complexes.

Some researchers have used data-mining techniques totaxg¢edul information from
large data sources. Oyama et al. [67] used a method tefssediation Rules Discovery
to identify patterns and other features from accumulatedepr-protein interaction data.
This research mined data from four different sources. Tigegated data included 4,307
unique protein interaction pairs. General rules were édrfvom 5,241 features extracted
from the functional, primary-structural, and other aspextproteins. After transforming
the traditional protein-based transaction data into at#on-based transaction data, Oyama
was able to detect and articulate 6,367 rules. Of thesel5%12&s had at least one feature
pertaining to sequences. As this potential had been swegbgtother researchers, these
results confirmed the efficacy of this method.

As mentioned above, experimental and computational appesshave generated signif-
icant quantities of PPI data, but these data sets are tjjpinabmplete, contradictory, and
include many false positives. It is therefore necessarynfipgroved accuracy to integrate
evidence from many different sources for evaluating prefgptein interactions. Jansen et
al. [39] proposed a Bayesian approach for integratingautésn information that allows for
the probabilistic combination of multiple data sets and destrates its application to yeast
data. This approach assesses each source for interacyi@osrparison with samples of
known positives and negatives, yielding a statistical ms=asef reliability. The likelihood
of possible interactions for every protein pair is then presdi by combing each indepen-
dent data source, weighted according to its reliabilitye Pnedictions were validated by
TAP (tandem affinity purification) tagging experiments. lasvobserved that, at given
levels of sensitivity, the predictions were more accurhtatthe existing high-throughput
experimental data sets.

1.2 PROPERTIES OF PPI NETWORK

Although reductionism has long been the prevailing pamadigiding the interpretation of
experimental results, it has become increasingly evidettd discrete biological function
can only rarely be attributed to an individual molecule. Heat many biological charac-
teristics arise from complex interactions between numemllular constituents, such as
proteins, DNA, RNA, and small molecules [4, 34, 44, 46]. iere, understanding the
structure and dynamics of the complex intercellular webtaractions 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 mechamgsbegins with the representation
and characterization of the PPl network structure. The kEstpepresentation takes the
form of a mathematical graph consisting of nodes and edgdmks) [88]. Proteins are
represented as nodes in such a graph; two proteins whichattghysically are represented
as adjacent nodes connected by an edge.

Degree

The degree(or connectivity) of a node is the number of other nodes witticl it is
connected [9]. It is the most elementary characteristic abde. For example, in the
undirected network, Figure 1.2., node A has dedree5.

Path, shortest path and mean path

The path between two nodes is a sequence of adjacent nodes. The nafrduiges in
this path is termed thpath length, and distances within network are measured in terms
of path length. As there are many alternative paths betweemodes, theshortest path
between the specified nodes refers to the path with the sshallenber of links. Thenean
path length of the network represents the average over the shqdéns between all pairs
of nodes.

Degree distribution

Graph structures can be described according to numerouaatéastics, including the
distribution of path lengths, the number of cyclic pathg] &arious measures to compute
clusters of highly-connected nodes [88]. Barabasi andaD[8] 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 nod¥$k) with % links
and dividing this figure by the total number of nod€s Different network classes can be
distinguished by the degree distribution. For examplendoan network follows a Poisson
distribution. By contrast, a scale-free network has a pdassrdegree distribution, indicat-
ing that a few hubs bind numerous small nodes. Most biolbgieavorks are scale-free,
with degree distributions approximating a power l&{k) ~ k~7. When2 < v < 3, the
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hubs play a significant role in the network [9].

Clustering coefficient

In many networks, if nodel is connected td3, and B is connected t@’, thenA has a
high probability of direct linkage t@’. Watts [90] quantified this phenomenon using the
clustering coefficientC'; = 2n;/k;(k; — 1), wheren; is the number of links connecting
the k; neighbors of nodd to each other. In this coefficient, indicates the number of
triangles that pass through nodleandk; (k; — 1)/2 is the total number of triangles that
could pass through node For example, in Figure 1.2u4 = 1 andC4 = 1/10, while
ngp = 0, CF =0.

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

1.2.2 Characteristics of Protein-Protein Networks

Scale-free network

Recent publications have indicated that protein-proteieractions have the features of
a scale-free network [29, 41, 53, 87], meaning that theireledistribution approximates
a power law,P(k) ~ k7. In scale-free networks, most proteins participate in enfgw
interactions, while a few (termed “hubs”) participate iredas of interactions.

Small-world effect

Protein-protein interaction networks have an charadiepsoperty known as the “small-
world effect”, which states that any two nodes can be commegia a short path of a few
links. The small-world phenomenon was first investigated asncept in sociology [61]
and is a feature of a range of networks arising in nature asfthtdogy, including the Inter-
net [3], scientific collaboration networks [63], the Engllsxicon [77], metabolic networks
[22], and protein-protein interaction networks [78, 87]lthdugh the small-world effect
is a property of random networks, the path length in scade-fretworks is much shorter
than that predicted by the small-world effect [14, 15]. ®iere, scale-free networks are
“ultra-small”. This short path length indicates that lopakturbations in metabolite con-
centrations could permeate an entire network very quickly.

Disassortativity

In protein-protein interaction networks, highly-conrezthodes (hubs) seldom directly
link to each other [59]. This differs from the assortativeduna of social networks, in
which well-connected people tend to have direct connesttoreach other. By contrast,
all biological and technological networks have the propeftdisassortativity, 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 chaistats. Clustering is the
process of grouping data objects into sets (clusters) wichonstrate greater similarity
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among objects in the same cluster than in different clust@hsstering differs from clas-
sification; in the latter, objects are assigned to predefiteskes, while clustering defines
the classes themselves. Thus, clustering is an unsupémiassification method, which
means that it does not rely on training the data objects idgdieed classes.

In protein-protein interaction networks, clusters caos to two types of modules:
protein complexes and functional modules. Protein congsl@te groups of proteins that
interact with each other at the same time and place, formismgle multi-molecular
machine. Functional modules consist of proteins that gipgtie in a particular cellular
process while binding to each other at a different time andel

Clustering in protein-protein interaction networks there involves identifying protein
complexes and functional modules. This process has thenfioly analytical benefits:

(1) clarification of PPI network structures and their comgratrrelationships;
(2) inference of the principal function of each cluster frira functions of its members;

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

1.3.2 Challenges of Clustering on PPl Networks

The classic clustering approaches follow a protocol tertpattern proximity after feature
selection” [38]. Pattern proximity is usually measured hgistance function defined for
pairs of patterns. A simple distance measure can often be taseeflect dissimilarity
between two patterns, while other similarity measures camuded to characterize the
conceptual similarity between patterns. However, in pnepgotein interaction networks,
proteins are represented as nodes and interactions agseeped as edges. The relationship
between two proteins is therefore a simple binary value: the¥ interact, O if they do
not. This lack of nuance makes it difficult to define the diseabetween the two proteins.
Additionally, a high rate of false positives and the shedunte of data render problematical
to the reliable clustering of PPI networks.

Clustering approaches for PPI networks can be broadly cteaized as distance-based
or graph-based. Distance-based clustering uses clagstehg techniques and focuses on
the definition of the distance between proteins. Graph<basstering includes approaches
which consider the topology of the PPI network. Based ontitueture of the network, the
density of each subgraph is maximized or the cost of cut-afimized while separating
the graph. This following section will discuss each of thelsstering 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 (ptai a PPl network can be
defined as follows. LeK be a set ofi elements and lef;; = d(i, j) be a non-negative
real functiond : X x X — R™T, which satisfy

(1) d;; > 0for i # j;
(2) dij =0fori=j;
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(3) di; = dj; for all 4,j whered is a distance measure afitl = {d;;} is a distance
matrix; and

(4) if d;; satisfies triangle inequalit;; < d;, + di;, thend is a metric.

In PPI network, the binary vectors; = (z;1, 22, ..., z;n ) represent the set of protein
purifications forN proteins, wherex;;, is 1 if the i** protein interacts with:*" protein
(the k" protein is presented in th¢" purification) and 0 otherwise. If a distance can be
determined which fully accounts for known protein compkexensupervised hierarchical
clustering methods can be used to accurately assemblaémpoat@mplexes from the data.
Frequently, a distance can be easily obtained from a simplehing coefficient which
calculates the similarity between two elements. The siitylaalue S;; can be normalized
between 0 and 1, and the distance can be deriveddipr 1 —.5;;. If the similarity value
of two elements is high, the spatial distance between themldtbe short.

Several suitable measures have been proposed for thisggurpbese include the Jaccard
coefficient [32]:

Dice coefficient [32]:

2Xmn
Simpson coefficient [32]:
X

Bader coefficient [8]:

Smn = —0—— 20— (1.4)

) (1.5)

Korbel coefficient [47]:

/X2 X2
i MXWL (1.6)
Correlation coefficient [20]:
an - ymyn
Spn = z —, (1.7)
whereX;; = X; ¢ X; (dot product of two vectors). The value 6f,,, ranges from 0 to 1.

X,; is equal to the number of bits “on” in both vectors, akg is equal to the number of
bits “on” in one vector. For example, for the case illustddteFigure 1.2., the matriX is:
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01110011
101 0 01 00
110 0 0 0 0 O
100 0 0 0 0O
X = 0 000O0T1TO071 (1.8)
01001010
100 0 01 00
11 00 0 1 0 0 0|

To calculate the distance betwedmndB, dio, X11 = X10X] =5, Xos = Xo0 X, =
3, X12 = X; ¢ Xy = 1. The Jaccard coefficient is calculated 85 = 1/(5+3 — 1) =
0.1429; the distance is thetl;s = 1 — 0.1429 = 0.8571.

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

1.3.3.2 Distance Measure by Network Distance

There are other definitions based on network distance whiah mgore fine-grained
distance measurements for these pairs. In the definiti@ngitove, the distance value will
be0 for any two proteins not sharing an interaction partner78j[each edge in the network
is assigned a length df The length of the shortest path (distance) between everppa
vertices in the network is calculated to create an all-psiigrtest-path distance matrix.
Each distance in this matrix is then transformed into andeisg¢ion”, defined ad /d?
whered is the shortest-path distance. This transformation enipém$ocal associations
(short paths) in the subsequent clustering process. Théingsassociations range frotn
to 1. The association of a vertex with itself is defined awhile the association of vertices
that have no connecting path is defineda3wo vertices which are more widely separated
in the network will have a longer shortest-path distancethnd a smaller association. The
association value can be therefore served as the simitagsure for two proteins.

In [69], authors consider the paths of various lengths betweo vertices in a weighted
protein interaction network. The weight of an edge refldstiiability and lies in the range
betweerD) and1. ThePathStrength of a path is defined as the product of the weights of all
the edges on the path. Then #héength PathStrength between two verticesis defined as the
sum of the PathStrength of @ltlength paths between the two vertices. The PathStrength
of a path captures the probability that a walk on the path eanlr its ending vertex. By
summing upon all these paths, thdength PathStrength between two vertices captures the
strength of connections between these two verticegdgtap walk. Since paths of different
lengths should have different impact on the connection debnwo vertices, the k-length
PathStrength is normalized by tthddlength maximum possible path stength to getlthe
length PathRatio. Finally, thePathRatio measure between two vertices is defined as the sum
of the k-length PathRatios between the two vertices fokal 1. Though this measure is
mainly applied in assessing the reliability of detectediiattions and predicting potential
interactions that are missed by current experiments, itateao be used as a similarity
measure for clustering.

Another network distance measure was developed by Zhou4, He defined the
distancei;; from node: to nodej as the average number of steps a Brownian particle takes
to reachj from .
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Consider a connected network 8f nodes andV/ edges. Its node set is denoted by
V ={1,...,, N} and its connection pattern is specified by the generalizgatadcy matrix
A. If there is no edge between nodand nodej, A;; = 0; if there is an edge between
those nodesd;; = Aj; > 0, and its value signifies the interaction strength. The set of
nearest neighbors of nodeis denoted byE;. As a Brownian particle moves throughout
the network, at each time step it jumps from its present jpositto a nearest-neighboring
positionj. When no additional information about the network is knowre jumping
probability P;; = A;;/ Zf;l A;; can be assumed. MatriR is called the transfer matrix.

The node-node distandg; from to j is defined as the average number of steps needed
for the Brownian particle to move fromthrough the network tg. Using simple linear-
algebraic calculations, it is obvious that

n

1
&y =Y (=) (L9)

=1

wherel is the N x N identity matrix, and matrix3(;) equals the transfer matrik, with
the exception thaB;;(j) = 0 for anyl € V. The distances from all the nodeslinto node
j can thus be obtained by solving the linear algebraic equatio

[I — B(){d1j, - dns}" = {1,...,1}7T. (1.10)

For example, in the network shown in Figure 1.3., with thensetesl’ = 1,2, 3, 4, the
adjacency matri¥d and transfer matrix’ are:

01 1 1 0 1/3 1/3 1/3
|1t o010 |12 0 1/2 0
A=l1 100|F" /2 12 0 0
1 000 1 0 0 o0
B(y) can be derived fron®:
[0 1/3 1/3 1/3 ] [0 0 1/3 1/3]
1o o0 1/2 0 |12 0 1/2 0
B =14 /2 0 0  B(2) = /2 0 0 0 |
|0 0 0 0 | 1 0 0 0
0 1/3 0 1/3] [0 1/3 1/3 0]
|12 0o 0 0 12 0 1/2 0
BE) = /2 1/2 0 0  B(4) = /2 1/2 0 0
| 1 0 0 0 | 10 0 0

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

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

D ={di;} =

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

Given two verticeg andj that are nearest neighbotd;¢ > 0), the difference in their
perspectives regarding the network can be quantitativelysured. The dissimilarity index
A(i,7) is defined by the following expression:

o \/ZZ;éi,j[dik — dj]?
A(i, j) = p— :

If two nearest-neighboring verticésand j belong to the same community, then the
average distancé;;, from ¢ to any another vertek(k # 4, j) will be quite similar to the
average distancé;; from j to k. This indicates that the perspectives of the network as
viewed fromi and; will be quite similar. Consequently (4, j) will be small if ¢ and j
belong to the same community and large if they belong to diffecommunities.

When this approach is applied to a protein interaction nékwausters of proteins that
may be of biological significance can be constructed. Zhouiged three examples of such
an application. Most of the proteins in these examples wes@\red in known functions.

It was possible to predict similar biological functions tbe few proteins in each cluster
which were previously unanalyzed.

(1.11)

1.3.3.3 UVCLUSTER

The UVCLUSTER [6] approach is informed by the observatiat the shortest path dis-
tance between protein pairs is typically not very fine-gedirand that many pairs have the
same distance value. This method proposes an iterativeagpto distance exploration;
unlike other distance-based approaches, it converts thaf geimary distances into sec-
ondary distances. The secondary distance measures thgthtoé the connection between
each pair of proteins when the interactions for all the pnstén the group are consid-
ered. Secondary distance is derived by first applying a tdkieal clustering step based on
the affinity coefficient to generat¥ different clustering results. The number of solutions
generated in which any two selected proteins are not in thee sduster is defined as the
secondary distance between the two proteins. Defined sulygithe secondary distance
represents the likelihood that two selected proteins waillbe 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. Edahstap is a known,
physical protein-protein interaction. Users are allonedélect groups of proteins
to be analyzed either by choosing a single protein and ésiéd) a cutoff distance
value or by providing the program with a list of proteins.

2. Next, agglomerative hierarchical clustering is applethe sub-table of primary dis-
tances generated in the first step to prodi¥caternative and equally-valid clustering
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solutions. The user specifies a valuefdbefore starting the analysis. UVCLUSTER
first randomly samples the elements of the dataset and theterd them according
to the group average linkage. The agglomerative process when the affinity
coefficient (AC) is reached. ThelC is defined as follows:

AC = 100[(Pm - Cm)/(Pm - 1)]7 (112)

whereC,, (the cluster mean) is the average of the distances for afleaiés included

in the clusters and@,, (the partition mean) is the average value of distances for th
whole set of selected proteinsiC' value is selectly by the user at the start of the
process.

3. Once the dataset df alternative solutions has been obtained, the number of phir
elements that appear together in the same cluster is couiteelcondary distance
d’ between two elements is defined as the number of solutiondiichvthose two
elements do not appear together in the same cluster, dibigi¢ie total number of
solutions (V). In effect, the secondary distance iteratively resamgilesoriginal
primary distance data, thus indicating the strength of threnection between two
elements. Secondary distance represents the likelihabdaich pair of elements will
appear in the same cluster when many alternative clustsalugions are generated.

4. After the generation of secondary distance data, theim®ican be clustered us-
ing conventional methods such as UPGMA (Unweighted Paiu@tdethod with
Arithmetic Mean) or neighbor-joining. The results of an kgerative hierarchical
clustering process in which UPGMA is applied to the secopdistance data are
placed in a second UVCLUSTER output file. A third output filetzins a graphical
representation of the data in PGM (Portable GreyMap) foriagenerate the PGM
file, proteins are ordered according to the results destiibeéhe second output file.

The use of UVCLUSTER offers four significant benefits. Fitse involvement of
the secondary distance value facilitates identificatiorsedt of closely-linked proteins.
Furthermore, it allows the incorporation of previouslyskm information in the discovery
of proteins involved in a particular process of interestirdjguided by thedC value, it can
establish groups of connected proteins even when somaiaf@n is currently unavailable.
Finally, UVCLUSTER can compare the relative positions dhotogous proteins in two
species to determine whether they retain related functiobsth of their interactomes.

1.3.3.4 Similarity Learning Method

By incorporating very limited annotation data, a simikatéarning method is introduced
in [70].

The method defines the similarity between two proteins inabalbilistic framework.
Edges in the network are regarded as a means of messagegpasaith protein propa-
gates its function to neighboring proteins. Meanwhile hgarotein receives these function
messages from its neighboring proteins to decide its owntifoim. The final probability
of a protein having a specific function is therefore a coodai probability defined on
its neighbors’ status of having this function annotatiomr & certain functional label in
consideration, the probability of a proteihhaving this function ig?(A). Another protein
B’s probability of having this function by propagation usidgas the information source
can then be represented as a conditional probabiljti| A). This conditional probability
gives the capability ofd’s function being transferred tB via the network. The similarity
between proteins A and B is defined as the product of two ciamdit probabilities:
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Similarityap = P(A|B) x P(B|A).

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

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

2. Conditional probability estimation step: the numeri@dues of the conditional prob-
abilities are calculated using the model and the paramegtiraated in the previous
step.

Unsupervised clustering method can be applied on the megulimilarity matrix.

1.3.3.5 Summary

This subsection has provided a review of a series of appesachdistance-based clus-
tering. The first category of approaches uses classic distaeasurement methods, which
offered a variety of coefficient formulas to compute theatise between proteins in PPI
networks. The second class of approaches defines a distawamire based on network
distance, including the shortest path length, combineshgth of paths of various lengths,
and the average number of steps a Brownian particle takeot fnom one vertex to
another. The third approach type, exemplified by UVCLUSTHE&jnes a primary and
a secondary distance to establish the strength of the cbondietween two elements in
relationship to all the elements in the analyzed dataseeé ftih is a similarity learning
approach by incorporating some annotation data. Althobgke four categories of ap-
proaches each involve different methods for distance nmeawmnt, they all apply classic
clustering approaches to the computed distance betweégimso

1.3.4 Graph-based Clustering

A protein-protein interaction network is an unweightedpdran which the weight of each
edge between any two proteins is either 1 or 0. This sectidnexplore graph-based
clustering, another class of approaches to the procesasiecing. Graph-based clustering
techniques are explicitly presented in terms of a graphs tanverting the process of
clustering a dataset into such graph-theoretical problasnnding a minimum cut or
maximal subgraphs in the gragh

1.3.4.1 Finding Dense Subgraphs

The goal of this class of approaches is to identify the ddrssdxgraphs within a graph;
specific methods vary in the means used to assess the dehsitg subgraphs. Five
variations on this theme will be discussed in this subsactio

Enumeration of complete subgraphs

This approach is to identify all fully connected subgraptigj(ies) by complete enu-
meration [80]. In general, finding all cliques within a graplan NP-complete problem.
Exceptionally, however, this problem is anti-monotoni&aning that, if a subset of set A
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A

Figure 1.4. Example of Enumeration of complete subgraphs.

is not a clique, then set A is also not a clique. Because ofttiperty, regions of density
can be quickly identified in sparse graphs. In fact, to findugis of size n, one needs only
to enumerate those cliques that are of size n-1. Assume aggachich starts from the
smallest statistically significant number, which is 4 in tase depicted in Figure 1.4. All
possible pairs of edges in the nodes will be considered. ¥ample, as shown in Figure
1.4.,to examine the edgeB andC D, we must check for edges betwe&@’, AD, BC and
BD. If these edges all connect, they are considered fully cotede and a cliquel BC' D
has thus been identified. To test every identified cligu#C D, all known proteins will be
successively selected. If for protelfy there existv A, EB, EC, ED, then the clique will
be expanded tdl BC D E. The end result of this process is the generation of cliqugsiw
are fully internally connected.

While this approachis simple, it has several drawbacks. @kiglssumption underlying
the method - that cliques must be fully internally connectédes not accurately reflect the
real structure of protein complexes and modules. Densaaphg are not necessarily fully
connected. In addition, many interactions in the proteitwoek 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]dotred a new approach which
searches for highly-connected rather than fully-conreséds of nodes. This was concep-
tualized as an optimization problem involving the idenéifion of a set of» nodes that
maximizes the object functiofy, defined as follows:

2m

Q(P):m~

The termm enumerates the edges(interactions) among:thedes in the subgraph. In
this formula, the functior) characterizes the density of a cluster. If the subset iy full
connected() equals 1; if the subset has no internal ed@eequals 0. The goal is to find a
subset withn nodes which maximizes the objective functign

A Monte Carlo approach is used to optimize the procedure. prbeess starts with
a connected subsét of n nodes. These nodes are randomly picked from the graph and
then updated by adding or deleting selected nodes froi$i, sken remain the nodes which
increase functiod) of S. These steps are repeated until the maxindum identified; this
yields ann-node subset with high density.

Another quality measure used in this approach is the sumefhortest distances
between selected nodes. Correspondingly, a similar Moatéo@pproach is applied to

(1.13)
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minimize this value. This process proceeds as follows. rAeti = 0, a random set oM/
nodes is selected. For each pair of nodgsirom this set, the shortest path; between
andj on the graph is calculated. The sum of all shortest path$rom this set is denoted
asLg. At each time step, one of M nodes is randomly selected arldaeg by random
one from among its neighbors. To assess whether the origod® is to be replaced by
this neighbor, the new sum of all shortest paths, is then calculated. If.; < Lg, the
replacement is accepted with probability 1.Zif > L, the replacement is accepted with
probabilityexp™ g , WhereT is the effective temperature. At every tenth time step, an
attemptis made to replace one of the nodes from the currenitbex node that has no edges
with the current set. This procedure ensures that the psdse®ot caught in an isolated
disconnected subgraph. This process is repeated eithethenriginal set converges to a
complete subgraph or for a predetermined number of stepstigitest subgraph, defined
as the subgraph corresponding to the smallgsis then recorded. The recorded clusters
are merged and redundant clusters are removed. The use ofta Marlo approach allows
smaller pieces of the cluster to be separately identifidterdocusing exclusively on the
whole cluster. Monte Carlo simulations are therefore weitesl to recognizing highly
dispersed cliques.

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

Redundancies in PPl network

Samanta and Liang [76] took a statistical approach to theteting of proteins. This
approach assumes that two proteins that share a signifidargler number of common
neighbors than would arise randomly will have close fumm@i@associations. This method
first ranks the statistical significance of forming sharedmships for all protein pairs in
the PPI network and then combines the pair of proteins wiktlsignificance. The p-value
is used to rank the statistical significance of the relatigmbetween two proteins. In the
next step, the two proteins with smallest p-value are costband are considered to be in
the same cluster. This process is repeated until a threshothched. The steps of the
algorithm are described in more detail as follows:

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

N N—m N —n,
SES 2 1C25
(E)(a)
- N
B (anl)!n(QN—ng)!nﬂng!
~ N!'m! (ng —m)! (ng —m)! (N —ny —ng +m)!’
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(1,4)

4 3 -~
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Figure 1.5. If the element#n, n) has the lowesp-value, a cluster is formed with proteins and
n. Therefore, rows/columns: andn are merged with new-value of the merged row/column as
geometric mean of the separat@alues of the corresponding elements. Figure is adapted from [76]

whereN is the number of the proteins in the network, each proteihénpair has:; and

ng Neighbors, respectively, amdis the number of neighbors shared by both proteins. This
formula is symmetric with respect to interchangengfandn.. It is a ratio in which the
denominator is the total number of ways that two proteinshauen; andns, neighbors. In

the numerator, the first term represents the number of waygih m common neighbors
can be chosen from alV proteins. The second term represents the number of ways by
whichn; — m remaining neighbors can be selected from the remaining m proteins.

The last term represents the number of ways by which m remaining neighbors can be
selected, none of which can match any of theneighbors of the first protein.

Second, the protein pair with the lowest p-value is desephas the first group in the
cluster. Asillustrated in Figure 1.5., the rows and colufionghese two proteins are merged
into one row and one column. The probability values for tte&/yroup are the geometric
means of the two original probabilities (or the arithmetieans of théog P values). This
process is repeated until a threshold is reached, addintgels to increase the size of the
original cluster. The protein pair with the second-loweshalue is selected to generate the
next cluster.

As mentioned in Section 3.2, a high rate of false positivggclly creates significant
noise which disrupts the clustering of protein complexed famctional modules. This
method overcomes this difficulty by using a statistical téghe that forms reliable func-
tional associations between proteins from noisy intesadata. The statistical significance
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of forming shared partnerships for all protein pairs in titefiaction network is ranked. This
approach is grounded on the hypothesis that two proteitsangtgnificantly larger number
of common interaction pairs in the measured dataset thamdvesise randomly will also
have close functional links[76] .

To validate this hypothesis, all possible protein pairsexn@nked in the order of their
probabilities. For comparison, the corresponding prdiiegsi were examined for a ran-
dom network with the same number of nodes and edges but \ifighetit connections. The
connections in the random network were generated from awmiflistribution. The com-
parison suggests that the associations in the real datasttirc biologically meaningful
information. It also indicates that such low-probabiligsaciations did not arise simply
from the scale-free nature of the network.

Molecular complex detection (MCODE)

Molecular complex detection (MCODE), proposed by Badertdadue [8], is an effec-
tive approach for detecting densely-connected regionargel protein-protein interaction
networks. This method weights a vertex by local neighbodhdensity, chooses a few
seeds with high weight, and isolates the dense regionsdingao given parameters. The
MCODE algorithm operates in three steps: vertex weightwomplex prediction, and op-
tional postprocessing to filter or add proteins to the r@sgitomplexes according to certain
connectivity criteria.

In the first step, all vertices are weighted based on theailloetwork density using
the highest-core of the vertex neighborhood. The core-clusteringfanent of a vertex
v is defined to be the density of the highéstore of the vertices connected directly to
v and alsow itself (which is called immediate neighborhood@f Compared with the
traditional clustering coefficient, the core-clusterirmgfficient amplifies the weighting of
heavily-interconnected graph regions while removing tla@yriess-connected vertices that
are usually part of a biomolecular interaction network. &ach vertex, the weight ofv
is:

w=k xd, (1.15)

whered is the density of the highedt-core graph from the set of vertices including all
the vertices directly connected withand vertexv itself. For example, using the example
provided in Figure 1.2., the 2-core weight of nodlés 2 x 5X2(§E1) = 1. It should be noted
that nodeD is not included in the 2-core node set because the degrealef/inés 1.

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

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

Evaluated using the Gavin [25] and MIPS [60] data set, MCOBDfecévely finds
densely-connected regions of a molecular interaction otWased solely on connectivity
data. Many of these regions correspond to known moleculaptexes.

Summary

This subsection has introduced a series of graph-base@Ghgsapproaches which are
structured to maximize the density of subgraphs. The firpt@grh examined seeks to
identify fully-connected subgraphs within the network. eTéecond approach improves
upon this method by optimizing a density function for findlighly-connected rather than
fully-connected subgraphs. The third approach merges péiproteins with the lowest
p-values, indicating that those proteins have a strongdioelhip, to identify the dense
subgraphs within the network. The final approach discusseigis each vertex a weight
to represent its density in the entire graph and uses thexwetth the highest weight as the
seed to generate to a dense subgraph. These approachesthl tispology of the graph
to find a dense subgraph within the network and to maximizedmsity of each subgraph.

1.3.4.2 Finding Minimum Cut

A second category of graph-based clustering approachesagens clusters by trimming
or cutting a series of edges to divide the graph into sevannected subgraphs. Any edge
whichis removed should be the leastimportant (minimunmféxgraph, thus minimizing the
informational cost of removing the edges. Here, the leagbittant is based on the structure
of the graph. It doesn’t mean the interaction between theggtoteins is not important.
This subsection will present several techniques which aseth upon this method.

Highly connected subgraph (HCS) algorithm

The Highly-connected subgraph or HCS method [33] is a gthpbretic algorithm
which separates a graph into several subgraphs using mimicatss. The resulting sub-
graphs satisfy a specified density threshold. Despite iegast in density, this method
differs from approaches discussed earlier which seek totifgethe densest subgraphs.
Rather, it exploits the inherent connectivity of the grapid @uts the most unimportant
edges to find highly-connected subgraphs.

Some graph-theoretic concepts should first be defined gidhis Theedge-connectivity
k(@) of a graphG is the minimum numbek of edges whose removal results in a discon-
nected graph. I&(G) = [ thenG is termed ard-connected of-connectivity graph. For ex-
ample, in Figure 1.6., the grajghis a 2-connectivity graph because we need at least cut two
edges (dashed linesin graph) to produce a disconnected ghdpghly connected subgraph
(HCS) is defined as a subgraph whesdge-connectivity exceeds half the number of ver-
tices. For example, in Figure 1.6., gra@h is ahighly connected subgraph because its
edge-connectivity k(G) = 3 is more than half of the vertices numberc# in a graphis a
set of edges whose removal disconnects the graphi#imumcut (abbreviatednincut)
is a cut with a minimum number of edges. Thus, a£ig a minimum cut of a non-trivial
graphGif f |S| = k(G). The length of a path between two vertices consists of thedeum
of edges in the path. The distanééu, v) between verticess andv in graphG is the
minimum length of their connecting path, if such path existherwised(u, v) = co. The
diameter of a connected gragh denoteddiam(G), is the longest distance between any
two vertices inG. The degree of vertex in a graph, denotedeg(v), is the number of
edges incident to the vertex.
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Figure 1.6. Anexample of applying the HCS algorithm to a graph. Minimum cut edgedareted
by broken lines. Figure is adapted from [33]

The algorithm identifies highly-connected subgraphs astets. The HCS algorithm
is detailed below, and Figure 1.6. contains an example @fgpdication. Graplt is first
separated into two subgrapfis andGs, which G is ahighly connected subgraph and
G, is not. Subgrapltz, is separated into subgrapts andG4. This process produces
threehighly connected subgraphs G1, Gz 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 ptigsefor clustering. The
algorithm has low polynomial complexity and is efficient iraptice. Heuristic improve-
ments made to the initial formulation have allowed this rodtto generate useful solutions
for problems with thousands of elements in a reasonable gtngptime.

Restricted Neighborhood Search Clustering Algorithm (RNE)

In [45], King et al. proposed a cost-based local search #lgorbased on the tabu
search metaheuristic [31]. In the algorithm, a clusterihg graphG = (V, E) is defined
as a partitioning of the node st The process begins with an initial random or user-input
clustering and defines a cost function. Nodes are then ralydaided 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 fimctis based on the number
of invalid connections. An invalid connection incident it is a connection that exists
betweernv and a node in a different cluster, or, alternatively, a cotina that does not exist
betweerv and a node: in the same cluster as

The process begins with an initial random or user-inputtelirsg and defines a cost
function. Nodes are then randomly added to or removed frarstets to find a partition
with minimum cost. The cost function is based on the numbémaflid connections.

Consider a node in a graphGz, and a clustering’ of the graph. Lety, be the number
of invalid connections incident with. The naive cost function @ is then defined as

Cn(G,C) = % > o, (1.16)

veV

whereV is the set of nodes i&. For a vertex in G with a clustering’, let 5, be the size

of the following set:v itself, any node connected t¢ and any node in the same cluster as
v. This measure reflects the size of the areathiafluences in the clustering. The scaled
cost function ofC is defined as:

Co(G,C) = |V|3* L 3 g— (1.17)

vev 7Y

For example, in Figure 1.7., if the eight vertices are gralip& two clusters as shown,
the naive cost functiod, (G, C) = 2, and the scaled cost functi@n, (G, C) = %.

Both cost functions seek to define a clustering scenario istwime nodes in a cluster
are all connected to one another and there are no other d@mmsebetween two clusters.
The RNSC approach searches for a low-cost clustering sallty optimizing an initial
state. Starting with an initial clustering defined randomiyby user input, the method
iteratively moves a node from one cluster to another in aosanchanner. Since the RNSC
is randomized, different runs on the same input data willltés different clustering results.
To achieve high accuracy in predicting true protein comggethe RNSC output is filtered
according to a maximum P-value selected for functional hpeneity, a minimum density
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value, and a minimum size. Only clusters that satisfy thieseetcriteria are presented as
predicted protein complexes.

Super paramagnetic clustering (SPC)

The super-paramagnetic clustering (SPC) method uses &ysgita the physical prop-
erties of an inhomogenous ferromagnetic model to find ygbdinnected clusters in a large
graph[11, 27, 28]. Every node on the graph is assigned a$pittyariableS; = 1,2, ..., q.
The value of this spin variable Si engages in thermal fluatnatwhich are determined by
the temperaturé’ and the spin values of the neighboring nodes. Two nodes ctethby
an edge are likely to have the same spin value. Thereforgpiheralue 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; ag-state Potts spin variablg.

2. Find the nearest neighbors of each point according toezteel criterion; measure
the average nearest-neighbor distamce

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

1z: — 751

) (1.18)

1
Jij = in = Eemp(—

whereK is the average number of neighbors per site.

4. Use an efficient Monte Carlo procedure with Eqg. (20) todale the susceptibility
X-

= ) — () m = Bl 221 (119

whereN,, ., = maxz{N1, N2,,N,} andN,, is the number of spins with the value

5. Identify the range of temperatures corresponding to tipeiparamagnetic phase,
betweerll';,, the temperature of maximgl and the (higher) temperatufg, where
x diminishes abruptly. Cluster assignment is performef.at, = (Tys + Tps)/2-

6. Once theJ;; have been determined, the spin-spin correlation functorbe obtained
by a Monte Carlo procedure. Measuréat T, the spin-spin correlation function,
(ds,,s,), for all pairs of neighboring points; andz;.

7. Clusters are identified according to a thresholding o 1f(ds, 5,) > 0, points
7;, T,, are defined as “friends”. Then all mutual friends (inclupliriends of friends,
etc.) are assigned to the same cluster.

The SPC algorithm is robust in conditions with noise andatitation errors and has
been shown to identify natural and stable clusters with gairement for pre-specifying
the number of clusters. Additionally, clusters of any sheqe be identified.

Markov clustering

The Markov clustering (MCL) algorithm was designed spealficfor application to
simple and weighted graphs [82] and was initially used irfighld of computational graph
clustering [83]. The MCL algorithm finds cluster structumnegyraphs by a mathematical
bootstrapping procedure. The MCL algorithm simulates camavalks within a graph by
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(A) Protein-protein Similarity Graph
with BLAST-values as Weights

Generate weighted
transition matrix

A B [e o JE [F [o A B Jc b [ [F o
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B 50 |100{0 |60 [0 [0 |0 |Transform weights into | B| 0.20]0.48|0.24]0. 15 |0.00]0. 00 [0. 00
c |50 |0 |100]40 [0 o |o |column-wise transition | | g 9910 000,40 0. 100.00]0.00]0.00
D |45 |60 [40 |100[80 |70 |15 probablities | 1o 150, 28]0. 16 [o. 24]0. 32/ 0. 20 |0. 13
Elo |o |o |80 |100/70 |0 E| 0.00]0.00[0.00|0. 19]0. 40| 0. 29 0. 00
Flo |o [o |70 |70 |100]0 F| 0.00]0.00[0.00|0. 17]0. 28] 0. 42|0. 00
¢lo o o |15]o [0 [100 G| 0.000.00]0.00[0.04|0. 00| 0. 00]0. 87
(B) Weighted Transition Matrix (C) Markov Matrix

Figure 1.8.  (A) Example of a protein-protein similarity graph for seven proteins jAekcles
represent proteins (nodes) and lines (edges) represent detdA&TB similarities with E-values
(also shown). (B) Weighted transition matrix for the seven proteins stiowA). (C)Associated
column stochastic Markov matrix for the seven proteins shown in (A).reiguadapted from [21]

the alternation of expansion and inflation operations. Bxjua refers to taking the power
of a stochastic matrix using the normal matrix product. bdlacorresponds to taking the
Hadamard power of a matrix (taking powers entrywise), fe#id by a scaling step, so that
the resulting matrix is again stochastic.

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

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

As noted above, the MCL algorithm simulates random walkkiwi graph by alternating
two operators: expansion and inflation. The structure oMI@&t algorithm is described
by the flowchart in Figure 1.9.. After parsing and normalmatf the similarity matrix,
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Figure 1.9. This flowchart of the TRIBE-MCL algorithm is from [21] with permissionifn Oxford
University Press.

the algorithm starts by computing the graph of random watksanput graph, yielding a
stochastic matrix. It then uses iterative rounds of the Bsjom operator, which takes the
squared power of the matrix, and the inflation operator, tvhédéses each matrix entry to
a given power and then rescales the matrix to return it to éhsiic state. This process
continues until there is no further change in the matrix.a&t|the final matrix is interpreted
as protein clusters with some post processing and domaiaatmm.

Given a matrix)M € R*** M > 0, and a real number, > 1, the column stochastic
matrix resulting from inflating each of the columnsidfwith power coefficient is denoted
by I'.M, andT',. represents the inflation operator with power coefficienEormally the
action ofT',. : RF*k — Rkxk is defined by:

k

(T M)pg = (Mpq)"/ Z(Miq)r (1.20)
i=1

Each columry of a stochastic matri®/ corresponds with nodgof the stochastic graph
associated with the probability of moving from nogléo nodei. For values ofr > 1,
inflation changes the probabilities associated with theectibn of random walks departing
from one particular node by favoring more probable over fgsbable walks.
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Here expansion and inflation are iteratively used in the Migbthm to strengthen the
graph where it is strong and to weaken where it is weak untillibgium is reached. At
this point, clusters can be identified according to a thrieshls the weight between two
proteins is less than the threshold, the edge between therhecdeleted. An important
advantage of the algorithm is its “bootstrapping” natuedieving cluster structure via the
imprint made by this structure on the flow process. Additilgn¢he algorithm is fast and
very scalable, and its accuracy is not compromised by edgegeln different clusters.
The mathematics underlying the algorithm is indicativeroirdrinsic relationship between
the process it simulates and cluster structure in the ingaghy

Line graph generation

Pereira-Leal et al. [73] expressed the network of proteing.( nodes) connected by
interactions (e.g., edges) as a network of connected ttters. Figure 1.10.(a) exemplifies
an original protein interaction network graph, in which tteeles represent proteins and the
edges represent interactions. Periera-Leal’s methodgsefrom this an associated line
graph, such as that depicted in Figure 1.10.(b), in whictesdgw represent proteins and
nodes represent interactions. This simple procedure israonty used in graph theory.

First, the protein interaction network is transformed iatwveighted network, where
the weights attributed to each interaction reflect the degfeonfidence attributed to that
interaction. Confidence levels are determined by the nurobexperiments as well as
the number of different experimental methodologies thaipsut the interaction. Next,
the network connected by interactions is expressed as aorietf interactions, which
is known in graph theory as a line graph. Each interactioroiglensed into a node that
includes the two interacting proteins. These nodes arditilesd by shared protein content.
The scores for the original constituent interactions aes tveraged and assigned to each
edge. Finally, an algorithm for clustering by graph flow slation, TribeMCL [21], is
used to cluster the interaction network and then to recotieridentified clusters from an
interaction-interaction graph back to a protein-prote@ydy for subsequent validation and
analysis.

This approach focuses on structure of the graph itself arad ivrepresents. It has been
included here among the graph-based minimum cutting appesabecause it employs
the MCL method for clustering. This approach has a numbelttedcive features. It
does not sacrifice informational content, because theraidiidirectional network can be
recovered at the end of the process. Furthermore, it taktesagtount the higher-order
local neighborhood of interactions. Additionally, the ginait generates is more highly
structured than the original graph. Finally, it producesgerlapping graph partitioning
of the interaction network, implying that proteins may begant in multiple functional
modules. Many other clustering approaches cannot plageeles in multiple clusters. This
represents a significant inability on the part of those apgines to represent the complexity
of biological systems, where proteins may participate irtiple cellular processes and
pathways.

Pereira-Leal’s group used the protein interaction netvaatkved from the yeast subset
of the Database of Interacting Proteins (DIP), which cdesi$ 8,046 physical interac-
tions involving 4,081 yeast proteins. For each protein ituater, the research team ob-
tained manually-derived regulatory and metabolic classifins (KEGG), automatic func-
tional classifications (GQFC), and cellular localizatiofiormation (LOC) from KEGG,
GeneQuiz, and MIPS, respectively. On average, the covariaglasters is 20 regulatory
and metabolic roles in KEGG, 45 classes in GeneQuiz, and £8MI
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a)
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Figure 1.10. Transforming a network of proteins to a network of interactions. (aeBettic
representation illustrating a graph representation of protein interactiodssmorrespond to proteins
and edges to interactions. (b) Schematic representation illustrating thistraaon of the protein
graph connected by interactions to an interaction graph connectedteinstcEach node represents a
binary interaction and edges represent shared proteins. Note tHatttediere not shared correspond
to terminal nodes in (a) in this particular case, A, D, E, and F in edges ABCE, CF. (c) Graph
illustrating a section of a protein network connected by interactions. (@lGltastrating the increase
in structure as an effect of transforming the protein graph in (c) to arnaictien graph. (e) Graph
representation of Yeast protein interactions in DIP. (f) Graph reptegpa pruned version of (e)
with the reconstituted interactions after transformation and clustering sasitled in Materials and
Methods. These graphs were produced by using BioLayout. Figurers [f73] with permission
from Wiley-Liss, Inc., A Wiley Company.
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Summary

This subsection has profiled a selection of graph-basetecing approaches which min-
imize the cost of cutting edges. The first approach discudséides a highly-connected
subgraph and then repeatedly performs a minimum cut uhsualgraphs are highly con-
nected. The second approach efficiently searches the sppeetitions of all nodes and
assigns each a cost function related to cutting the edgéeigraph. Identification of the
lowest-cost partitions becomes synonymous with findingehgusters with minimum cut-
ting. The third approach assigns each node a Potts spin &atleomputes the spin-spin
correlation function. If the correlation between two spixseeds a threshold, the two pro-
teins are assigned to the same cluster. The MCL algorithrichwiras the fourth presented
approach, uses iterative rounds of expansion and inflagiproimote flow through the graph
where it is strong and to remove flow where it is weak. Clusieegshen generated via min-
imum cutting. The final approach discussed transforms theark of proteins connected
by interactions into a network of connected interactiors thien uses the MCL algorithm
to cluster the interaction network. The first two approacisesthe topology of the network
to remove the edges in the network; in these methods, theséddye no weight. The other
approaches assign each edge a weight which representsittzgisy of two proteins; edges
with low weights are then cut.

1.4 VALIDATION

So far, this chapter has reviewed a series of approachessi@chg within protein-protein
interaction networks. These approaches aim to find funatiorodules to predict unan-
notated protein functions based on the structure of an atewPP| network. However,
disparate results can be generated using different appeeaand even from the repeated
application of a given approach with different paramet@&iserefore, these solutions must
be carefully compared with predicted results in order tectghe approach and parameters
which provide the best outcome. Validation is a process afuating the performance of
the clustering or prediction results derived from diffdrapproaches. This section will
introduce several basic validation approaches for clusgersed in proteomics.

A survey performed by Jiang et al.[42] of clustering of gerpression data revealed
three main components to cluster validation: evaluatiopesformance based on ground
truth, an intuitive assessment of cluster quality, and aessment of the reliability of the
cluster sets. These components are also relevant to theateal 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 derfir@m various protein domain
databases, such as InterPro, the Structural Classifiatitnotein (SCOP) database, and the
Munich Information Center (MIPS) hierarchical functiorategories [13, 21, 48]. These
databases are collections of well-characterized protaaitshave been expertly classified
into families based on their folding patterns and a variétytber information.

In Jiang’s et al. [42] work, some simple validation methods lested which use con-
struction of am x n matrix C' based on the clustering results, where the number of
data objects.C;; = 1 if object pairsO; andO; belong to the same cluster ang; = 0
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otherwise. Similarly, a matrix’ is built based on the ground truth. Several indices are
defined to measure the degree of similarity betw€eand P.

However, simply counting matches while comparing eachipted cluster against each
complex in the data set does not provide a robust evalualionases where each cluster
corresponds to a purification, a maximal number of matché#$eifound, which leads to
maximally-redundant results. Krause et al. [48] definedctiiteria to assess the fit of the
clustering results to the benchmark data set:

1. The number of clusters matching ground truth should beimmex
2. The number of clusters matching an individual complexuthbe one.

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

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

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

1.4.2 Validation Based on the Definition of Clustering

Clustering is defined as the process of grouping data ohijgotsets by degree of similarity.
Clustering results can be validated by computing the homeityeof predicted clusters or
the extent of separation between two predicted clusters quhlity of a cluste€ increases
with higher homogeneity values with{ri and lower separation values betwegand other
clusters.

The homogeneity of clusters may be defined in various ways)edsure the similarity
of data objects within cluster'.

B Zoi,ojec,oﬁéoj Similarity(O;, O;)

C) = 2
H(©) ICT-(eT=1 (1-21)
Hy(C) = = > Similarity(0;,0) (1.22)
[T &,

H, represents the homogeneity of clusteiby the average pairwise object similarity
within C. H, evaluates the homogeneity with respect to the “centroithefclusterC,
whereO is the “centroid” ofC.

Cluster separation is analogously defined from variougpeets/es to measure the dis-
similarity between two clusters; andC;. For example:

ZOieChojeCQ Similarity(O;, O;)
[C1l - [IC2 ||

S51(C1,Cs) = (1.23)

So(Cy, Co) = Similarity(O1, Os) (1.24)
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1.4.3 Validation Based on the Reliability of Clusters

The performance of clustering results can also be validayethe reliability of clusters,
which refers to the likelihood that the cluster structure hat arisen by chance. The
significance of the derived clusters is typically measungthie P-value.

In [3], Bu et al. mapped 76 uncharacterized proteins in 4&gdéues in the MIPS
hierarchical functional categories. Each protein wasgassl a function according to the
main function of its hosting quasi-clique. For each clydevalues were calculated to mea-
sure the statistical significance of functional categomoliment. The P-value is defined

as follows:
1 ( C ) ( G-C >
P=1 E ! not (1.25)

o

whereC is the total number of proteins within a functional categand G is the total
number of proteins within the graph. The authors regardesigasficant those clusters
with P-values smaller thah01/N¢ (hereN 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 theamy of clustering
predictions. This method randomly selects a protein withvikmfunctions and then hypo-
thetically assumes its functions to be unknown. Prediatiethods are then used to predict
its functions, and these are compared with the actual fomstf the protein. The process
is then repeated fak” known proteinsp;, ..., Px . Letn; be the number of functions for
protein P; in YPD, m; be the number of predicted functions for protéiy andk; be the
overlap between these functions. The specificity (SP) ansitbéty can be defined as

K
sp— 2= b (1.26)
D M
K
SN = i b (1.27)
Zi n;

Trials using MIPS and other data sets have produced reshlthvare very consistent
with those of the distributions of expression correlatioefficients and reliability estima-
tions.

1.5 CONCLUSION

This chapter has provided a review of a set of clustering aggres which have yielded
promising results in application to protein-protein ietion networks. Clustering ap-
proaches for PPl networks can be broadly differentiatedvéen the classic distance-
based methods and the more recently-developed graph-bpgezhches. Given a network
comprised of proteins and their interactions, distanceetalustering approaches assign
weights to each protein pair based on their interactionsiaealassic clustering techniques
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to generate predicted clusters. With graph-based appesatiie PPI network is viewed
as an unweighted network. Clustering algorithms are engulay identify subgraphs with
maximal density or with a minimum cost of cut-off based ontibgology of the network.
Clustering a PPI network permits a better understandingsaftiucture and the interrela-
tionship of constituent components. More significantlgl&#o becomes possible to predict

the

potential functions of unannotated proteins by consparivith other members of the

same cluster.
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