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ABSTRACT

Sewral real-world networks of interest, such as social and
biological networks, are modular in nature. Most of these
networks also possessthe scale-freeproperty, which makes
the task of detecting and isolating communities from these
networks di cult. The application of traditional clustering
algorithms on these networks has not yielded a great deal of
success.

In this paper, we apply an ensenble clustering approach
to addressthis problem. Ensenble clustering has beensug-
gested as a good approach to improve the performance of
clustering algorithms. To perform initial clustering, we em-
ploy speci ¢ topology-based distance metrics that are con-
ducive for partitioning these networks. We use an ensem-
ble of dierent base clustering algorithms to obtain a set
of clustering arrangemens. We apply consensusclustering
algorithms on this set to obtain the nal set of clusters.
We demonstrate the e ectiv enessof the ensenble cluster-
ing technique on a real scale-freeinteraction network - the
Protein-Protein Interactions network of budding yeast. Our
experimental results show that our approach can provide
improvemert over the base clustering algorithms. We also
provide an empirical evaluation of di eren t consensusmeth-
ods proposedin the literature.

1. INTRODUCTION

Datasets originating from many dierent domains such
as physics, network analysis, sociology and biology can be
represerted in the form of interaction networks. Interac-
tion networks consist of a set of nodes joined together by
edgesthat represert the interactions between the nodes.
For example, in social networks, nodesrepresernt peopleand
edges the relationship between them. In a citation net-
work, authors are connected by paper citations. In biology,
a Protein-Protein interaction network can be represerted
with proteins as nodes and the interactions between them
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as edges.

Earlier researders [4, 20, 10, 11] have demonstrated that
many of thesereal-world interaction networks are scale-free.
This implies that the degreedistribution in these networks
follows the power law, asP (k) k where P (k) is the num-
ber of nodeswith degreek and < 0. Hence,most nodesin
the network have low degreeswhile a few nodes, known as
hubs are well connectedwith large degrees.Hubs have been
shown to hold the network together forming a large core en-
compassing a signi cant number of nodes of the network.
It has beendocumented that clustered regions of scale-free
networks are hidden inside this core. Theseregions have dif-
ferent signi cant implications in seweral disparate domains.
In Protein-Protein Interaction networks, these regions are
assaiated with functional modules of proteins or protein
complexes. On the other hand, in WWW networks, these
regions can be usedto identify related web pagesand topics.
Mining scale-freenetworks to isolate these natural commu-
nities is an important task in these domains. However, the
presenceof the scale-freetopology makes isolation of use-
ful communities or modules by traditional graph clustering
algorithms very dicult [22, 18].

Ensemble clustering has been proposed as a useful ap-
proach to strengthen the performance of simple clustering
algorithms [8, 9, 16, 17, 15]. The goal of ensenble clustering
is to combine multiple, diverse and independert clustering
arrangemens to obtain a single, comprehensiwe clustering.
Richards [13] states that for dicult datasets, the appli-
cation of multiple clustering algorithms typically result in
highly varying results. Empirical evidence has suggested
that a combination of clusters can lead to novel and mean-
ingful cluster structures [17]. Since scale-freenetworks are
in general hard to cluster using traditional algorithms, they
have a potential to gain from cluster ensenbles. Thus, in
this paper, we proposethe application of cluster ensenbles
to improve the quality of natural groups deducedfrom scale-
free networks. However, the task of merging individual clus-
terings is not trivial. It involves seweral challenges such as
the task of obtaining suitably diversebaseclusterings, a suit-
able represertation of the clustering arrangemerts, an ade-
guate consensusfunction to perform merging and e cien t
validation for the clusters obtained.

To generate multiple clusterings, earlier approaches [16,
15, 8] have emphasizedthe need to use diverse algorithms
to produce a better ensenble. Accordingly, researders have
experimented using di erent regular or weak clustering al-
gorithms, di erent parameters and initializations [16, 15, 8,
9]. These clustering algorithms cannot be applied directly



to scale-freeinteraction networks, due to the large di erence
in degreebetweennodesand the lack of a suitable metric to
capture similarity between nodes. In interaction networks,
the only information available directly is the set of nodes
and the interactions betweenthem. Leicht et al [7] have dis-
cussedthe use of topological information to determine simi-
larity betweennodesin a network. We have found top olog-
ical metrics to be very e ectiv e in pre-processingscale-free
graphs in our earlier work [18]. In this work, we apply three
dierent topological distance metrics to mine the interac-
tion graph. We believe that this will lead to clusterings that
are diverse,yet informativ e about the topological properties
of nodes in the network. Hence, in our approach, we use
metrics based on neighborhood, clustering coe cien t and
shortest path betweennnessof nodesin the network.

Givenn individual clusterings (ci::¢n), each having k clus-
ters, a consensusfunction F is a mapping from the set of
clusterings to a single, aggregated clustering:

F :fciji 1;:5;ng!  Ceonsensus 1)
Ideally, the consensusclustering needsto be represera-
tive of the individual componert clusterings. Earlier ap-
proaches have experimented with seweral graph-based, com-
binatorial and statistical consensusmethods. The applica-
tion of thesemethods to large scale-freeinteraction networks
is not straightforward. To the best of our knowledge, there
has beenno earlier work on applying ensenble clustering to
scale-freegraphs.

We apply our ensenble clustering approach to areal scale-
free interaction network - the Protein-protein Interactions
network of budding yeast, that has beenexamined in earlier
works [2, 18, 22]. Weimplement di eren t typesof consensus
methods and validate the consensusclustering obtained us-
ing both generaland domain-speci ¢ cluster evaluation met-
rics. We compare the consensusclusters obtained with the
original base clusterings and nd improvemert in quality.
This suggeststhat ensenble clustering is a useful approach
to cluster scale-freegraphs. We also conduct an empirical
comparison of di eren t consensusmethods.

To summarize, the main points of this paper include

The application of an Ensenble Clustering approach
to scale-freenetworks

The use of three diverse topological distance metrics
to obtain informativ e base clusterings

A qualitativ e assessmenof various consensusmethods
for this problem

This paper is organized as follows. In the next section, we
provide background on earlier works on ensenble clustering.
In Section 3, we discussthe algorithms we employ. In Sec-
tion 4, we presert details of the dataset we use. Section 5
provides the experimental results. In Section 6, we provide
a discussion of results and conclude in Section 7.

2. RELATED WORK

Many clustering algorithms of various types have been
developed and used to analyze scale-free networks. How-
ever, there is no single algorithm that can guarantee e ec-
tiv e partitioning of natural groups from the core of a scale-
free network. The dicult y of partitioning/clustering scale-
free networks has beendiscussedby seweral groups. Karypis

et al [1]; presert some multi-lev el graph partitioning algo-
rithms to cluster scale-free networks. Wu et al [20] pro-
posean approach using graph approximation to reduce very
large scale-free networks. They propose a geadesic path-
based clustering approach to partition scale-free networks
into natural divisions. They usethese clusters to create an
approximation of the graph. Wu and Huberman [21] discuss
community discovery in large complex networks and propose
a fast voltage drop-based technique for this purpose.

The ensenble clustering problem hasbeenpreviously stud-
ied in the machine learning community by many researders.
Although, it hasbeenapplied mainly to classi cation datasets,
the results obtained have beenvery encouraging. Earlier ap-
proaches have experimented with using di erent base clus-
tering and integration techniques. Fred et al [8] map clus-
terings produced by multiple runs of the k-means algorithm
with di eren t initializations into a coassaiation matrix. They
then apply a hierarchical single-link algorithm to partition
this matrix into the nal consensusclusters. Topchy et al
[16] reduce this problem into a maximum likelihood prob-
lem and propose using the EM algorithm to solve the cor-
responding problem. Caruana et al [6] discuss ensenble
selectionfrom a library of trained models. They experiment
with seweral algorithms and performance metrics to nd op-
timum ensenbles that outperform all other models. Gionis
et al [9] provide a formal de nition to the problem of clus-
ter aggregation and discussa few consensusalgorithms with
theoretical guarantees. The algorithms they proposeusethe
distance matrix represertation and are suitable mainly for
small datasets. They propose a sampling-based approach
for large datasets. Topchy et al [17] presert two approaches
to prove the e ectiv enessof a cluster ensenble, using plu-
rality voting and using a metric on the space of partitions.
They show cornvergence guarantees of consensusfunctions
and also estimate the rate of convergence.

Strehl and Ghosh [15] de ne the cluster ensenble prob-
lem as an optimization problem and aim to maximize the
normalized mutual information of the consensusclustering
from the initial clusters obtained from ten base clustering
algorithms. They use a hypergraph represenation with a
n k matrix |, where n is the number of points and k is
the total number of clusters in all the clusterings. The value
I(x,y) in the matrix is the indicator function of point x with
respect to cluster vy.

(

. 1 ifx2Cy,
i(x;y) = .
(5 ¥) 0 otherwise.

They intro duce three di eren t algorithms to obtain good
consensusclusterings, namely Cluster-based Similarit y Par-
titioning (CSPA), HyperGraph Partitioning (HGPA), and
Meta-Clustering (MCLA) algorithms.

In CSPA, the authors construct a similarity matrix
from the clusters obtained from the base clustering
algorithms. The similarity betweentwo objects is de-
ned as the fraction of clusterings in which they are
in the samecluster. This similarit y matrix is treated
as a weighted graph and partitioned using the METIS
algorithm to obtain the consensusclustering.

In HGPA, they make use of a hypergraph represerta-
tion in which nodes correspond to data points. Initial
clusters, asindications of strong bonds, are represerted



ashyperedgesof this hypergraph. They then de ne the
cluster ensenble problem as the task of nding a hy-
peredgeseperator that partitions this hypergraph into
k unconnected componerts by cutting a minimal num-
ber of hyperedges.The HMETIS algorithm is used for
this purpose.

In MCLA, the samerepresenation as HGPA is used.
The main idea of this algorithm is to group related hy-
peredges(base clusters) to obtain meta-clusters. Each
meta-cluster consists of a group of clusters. A repre-
sertativ e cluster is obtained for each meta-cluster. Fi-
nally, each data point is assignedto the meta-cluster
it is most assaiated with, by comparing it with the
represertativ e clusters.

We compare the performance of these three consensustech-
nigues among others, in this paper.

3. ALGORITHMS

The general framework of our approach is provided below.
The call EnsembleClustering (G; CA, k) returns k combined
clustersCEA[ :::[ CEA for agiven scale-freegraph G=(V,E)
obtained using the consensusalgorithm CA.

Algorithm 1 EnsenbleClustering(G,CA k)

Input: Scale-freegraph G = (V; E) and k, the number of
clusters required
Output: CC* = CEA[ :::[ CEA
for i = 1to jSimM etricsj do
for j = 1to jBaseAlgorithms j do
== Use ead similarity metric with eac base algo-
rithm to obtain a clustering of k clusters
c'l=cy'[::[ c
end for
end for
== Convert the clusterings into represertativ e matrix M
M = represert(Cl 1,C1 2,...,CjSimM etr ics jj B aseAlg orithms j)
==Cluster M using CA
CC* =Cy[ i Ck
return( CC*)

Initially , the base clustering algorithms are applied using
the similarity metrics to obtain individual clusterings of k
clusters eath. This set of clusterings is represeried appropri-
ately and then the consensusclustering algorithm is applied
to obtain the nal setof consensusclusters. In the next few
subsections,we describe our similarit y metrics, basecluster-
ing algorithms and consensusmethod in detail.

3.1 Similarity metrics

We begin our description of the proposed method by in-
troducing the similarity metrics we use for clustering. We
employ three dierent metrics designedto capture various
topological properties of scale-freenetworks.

3.1.1 Clusteringcoefcient-based

The rst similarit y metric is basedon the Clustering coef-
cient, a popular metric from graph theory. The clustering
coe cien t [19] is a measurethat represerts the interconnec-
tivit y of a vertex's neighbors. The clustering coe cien t of a

vertex v with degreek, can be de ned as follows:

2ny
ke D @)

where n, denotes the number of triangles that go through
node v.

Esserially, if the edge between two nodes contributes a
lot to the clustering coe cien ts of the nodes, then they are
consideredsimilar and should be clustered together. To cal-
culate the similarity of nodesv; and vj, we rst calculate
their clustering coe cien ts asCCy, and CC,;. Wethen as-
sume that the interaction (edge) between these nodes does
not exist and re-calculate the clustering coe cien t of eac
node as CCf,Ji and CCf,J. . The Clustering coe cien t-based
similarit y of two nodesis then calculated as follows:

CC(v) =

0 0
Scc(Vi ,VJ) = CCvi + CC\/J- CCVi CCVI (3)

Note that if two nodes are not linked in the original net-
work, their Clustering coe cien t-based similarity score is
zero. The similarit y scoresare normalized to range between
0 and 1.

3.1.2 Edge Betweenness-based

The secondmetric is basedon the edgebetweennesamea-
sure, which was rst introduced by Newman et al [11]. It is
a popular measurefor clustering networks in sociology and
ecology to obtain communities. This measure favors edges
between communities and disfavors ones within communi-
ties. As pointed out by Holme et al [12] edge-betweenness
uses properties calculated from the whole graph, allowing
information from non-local features to be usedin the clus-
tering. To take advantage of the global information that can
be captured by the edge-betweennessmeasure, we useit as
a similarit y metric.

Newman et al intro duced three di eren t Edge betweenness
measures; Shortest-path, Random-walk and Current- o w.
In this paper, we consider the Shortest-path betweenness
measure, which computes for each edge in the graph the

fraction of shortest paths that passthrough it. It is given
by:
SPj
ehe: ) = 4
ey ) = g (4)

where SPj is the number of shortest paths passingthrough
edgeij and SPmax is the maximum number of shortest paths
passing through an edgein the graph. We de ne the simi-
larity as:

Sep(Vi;vi) =1 ehbe;) %)

where el(e; ) denotes the shortest-path edge betweenness
value of the edge between nodesv; and v;. Note that, the

edge-betweennessf an edgeis the proportion of the shortest
paths that edgebelongsto. Similar to the previous metric,

this metric is de ned only for connected pairs and rescaled
into the range [0-1] using min-max normalization.

3.1.3 Neighborhood-based

The third metric we useis a Neighborhood-based similar-
ity metric. We use the well-known Czekanowski-Dice dis-
tance metric [5] for this purpose. This metric usesthe ad-
jacency list of each node and favors nodesthat have seweral
common neighbors. Two nodes having no common neigh-
bor will have the minimum similarit y value (i.e. zero), while



thoseinteracting with exactly the sameset of nodeswill have
the maximum value. The Neighborhood Based similarit y
metric is de ned as:

jint(i) Int(j)j
jint(@) [ Int()j+ jint(i)\ Int(j)j

Here, I nt(i) and I nt(j) denote the adjacency list (including
themselves) of proteins i and j, respectively, and  repre-
serts the symmetric di erence betweenthe sets. The value
of this metric rangesfrom 0 to 1. Note that using this met-
ric, nodesthat do not interact with eac other may have a
non-zero similarit y if they have common neighbors.

The three metrics that we employ are designedto capture
dierent properties of the topology of the graph. We be-
lieve that together, they can provide enough information to
partition scale-freegraphs meaningfully.

Sn(vi;vi)=1 (6)

3.2 Basealgorithms

We usethree conventional graph clustering algorithms to
obtain the baseclusters. We usedthe implementations avail-
able from Cluto !, a clustering package. Each of these algo-
rithms take asinput a similarit y matrix.

3.2.1 AgglomentiveHierarchical Algorithm(agglo):

In this method, the desired k-way clustering solution is
computed using the agglomerative paradigm whose goal is
to locally optimize (minimize or maximize) a particular clus-
tering criterion function. The algorithm nds the clusters
by initially assigningead object to its own cluster and then
repeatedly merging pairs of clusters until either the desired
number of clusters has been obtained or all of the objects
have beenmergedinto a single cluster leading to a complete
agglomerative tree.

3.2.2 Repeatedbisectiongrbr):

In this method, the desired k-way clustering solution is
computed by performing a sequenceof k 1 repeated bi-
sections. In this approach, the matrix is rst clustered into
two groups, then one of these groups is selectedand bisected
further. This processcontin ues until the desired number of
clusters is found. During ead step, a cluster is bisected
so that the resulting 2-way clustering solution optimizes a
particular clustering criterion function. Finally, the overall
solution is globally optimized.

3.2.3 Directk-waypartitioning (direct):

In this method, the desired k-way clustering solution is
computed by simultaneously nding all k clusters. Initially ,
a set of k objects is selectedfrom the data setsto act asthe
seedsof the k clusters. Then, for each object, its similarity
to thesek seedsis computed, and it is assignedto the cluster
corresponding to its most similar seed. This forms the initial
k-way clustering. This clustering is then repeatedly re ned
so that it optimizes a desired clustering criterion function.
This optimization is performed using a randomized incre-
mental optimization algorithm that is greedy in nature, has
low computational requirements, and produceshigh-quality
solutions.

3.3 Coassociation-basedgglomerative Con-
sensusAlgorithm (CBAC)

http://glaros.dtc.umn.edu/gkhome/views/cluto/index.h  tml

Using the base algorithms with the 3 similarity metrics
we discussedin the rst subsection, we obtain 9 sets of k
clusters. Our goal is to combine theseindividual clusterings
to obtain a meaningful consensusclustering.

Earlier researders [8, 16] have suggestedthe use of an
n n Coassiation matrix to represert the fraction of co-
occurrence of eac pair of points. Each item in the coas-
sociation matrix is a factor of the set of clusterings. The
co-ass@iation value in the matrix for 2 points v; and v; is
given by

kClusters containing both vi and v; k
kTotal number of clustersk

C(vi;vy) = @
The matrix can thus be treated as a similarit y matrix, with
the points that occur together in all the clusterings having a
scorevalue of 1. We obtain the coasseiation matrix for our
9 clusterings and apply the Agglomerative algorithm with
the UPGMA metric to obtain the consensusclustering. This
Coassaiation-based Agglomerative Consensus(CBA C) al-
gorithm is evaluated and compared with other methods.

4. DATASET

We use a popular scale-freedataset for our study - the
Protein-Protein Interactions network of budding yeast(Cere-
visiae). This Protein-Protein Interactions network has been
studied extensively in seweral works [2, 18, 22]. The dataset
is available from the Database of Interacting Proteins (DIP).
Protein-protein interaction (PPI) networks are believed to
be important sources of information related to biological
processesand complex metabolic functions of the cell. The
presenceof biologically relevant functional modules in PPI
networks has beentheorized by many researders. A func-
tional module canbede ned asa group of proteins that take
part in the same biological function. The task of extract-
ing these functional modules for the purp osesof functional
prediction and identi cation is an active researt area in
functional genomics. However, it has beenobserved that no
single clustering algorithm can adequately re ect the under-
lying biological functions of proteins in their clusters. The
cluster assignmerns have been found to vary signicantly
with the algorithm and its parameters. Hence, in this work
we investigate the use of an ensenble clustering technique
to obtain better results.

The PPI dataset for budding yeast consists of 15147 in-
teractions between 4741 proteins. The dataset is shown in
Figure 1. The degreedistribution is shown in Figure 2.

It can be seenfrom Figure 2 that the dataset is scale-free
with a skewed distribution. The value of the scaleparameter

is -1.7911.

5. EXPERIMENTS
5.1 Validation Metrics:

First, wewould like to describe our validation metrics. We
useboth domain-speci ¢ and generalmetrics to evaluate the
quality of the consensusclusters.

5.1.1 Topolagical Measue: Modularity

To evaluate cluster quality, the rst metric we useis a
topology-based modularity metric, originally proposed by
Newman [11]. This metric usesa k X k symmetric matrix
of clusters where each elemert d; represerts the fraction



Figure 1: PPl network of budding yeast
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(a) PPI network

Figure 2: Degree distribution of the PPl network. k is the
degree and p(k) is the num ber of nodes with degree K.

of edgesthat link nodes between clustersi and j and each
di represerts the fraction of edgeslinking vertices within
cluster i. The modularity measureis given by
X
M= (di ( di)?) ®)

i i

5.1.2 Information Theoetic Measue: Normalized
Mutual Information

Another metric to evaluate the quality of clusters obtained

is the amount of mutual information shared between clus-

terings. This metric was originally described by Strehl et

al [15]. They de ne the optimal combined clustering as
the one that sharesthe most information with the origi-
nal clusterings. They proposedusing mutual information to
measure this shared information. Mutual information is a
symmetric measure commonly used in information theory
to quantify the statistical information shared between two
distributions.

We follow the description provided by Strehl et al. Given
r groupings with the gth grouping 9 having k9 clusters, we
dene asthe consensusfunction N" " ! N" that maps
a set of clusterings to an integrated clustering:

f 999 f1;:;rgg! 9)

The set of groupings is denoted as = f 9jqf1;:;rgg.

Supposethere are two clusters 2 and P of sizesk® and k®

respectively. Let n, be the number of objects in cluster Cy,

according to 2, and n; the number of objects in cluster C,

according to  °. The [0-1] normalized mutual information
NM1 can be calculated as follows:

2 X1 k1 Ih n

n
Y ' 10g o pp (10)

ka kb
The averagenormalized mutual information betweena set
of r labelings, and a labeling named ' is de ned as fol-
lows:
1
NMI i
(59 )

Here is the set of baseclusterihgs and ' is the consensus
clustering.

Ciy_ 1
NMI(,)—F

5.1.3 StatisticaMeasuebasednDomaininforma-
tion: ClusteringScoe

In the case of Protein-Protein Interaction networks, we

need to test if the clusters obtained correspond to known

functional modules. This can be done by validating the



clusters using known biological assaiations from the Gene
Ontology Consortium Online Database[3]. The GeneOntol-
ogy (GO) is a controlled vocabulary designedto accumulate
the result of all investigations in the area of genomics and
biomedicine by providing a large database of known asso-
ciations containing common terminology that can be used
among researders.

GO providesthree vocabularies - cellular component (CC),
molecular function (MF) and biological process(BP). Cel-
lular component terms refer to the localization of proteins
inside the cell. Molecular function terms refer to shared ac-
tivities at the molecular level and biological processterms
refer to entities at both the cellular and organism levels of
granularity. Earlier works have used these three ontologies
to validate the biological signi cance of clusters [18, 2]. We
use all three annotations for validation and comparison. As
of May 2005, the GO database contains 7000 genesanno-
tated with 1644 cellular componert , 7502 molecular func-
tions and 9706 biological processes.

Merely counting the proteins that share an annotation
will be misleading since the underlying distribution of genes
among di eren t annotations is not uniform. Hence, we use
p-values to calculate the statistical signi cance of a group
of proteins that share a GO term. The p-values essetially
represert the chance of seeingthat particular grouping, or
better, given the background distribution. Assume we have
a cluster of sizen, out of which m proteins sharea particular
annotation. Also, there are N proteins in the database with
M of them known to have that same annotation. Then
using the Hypergeometric Distribution, the probability of
observing m or more proteins that are annotated with the
same GO term out of n proteins is:

MoN M
| n 1
) N
I=m n

p value= (12)

Smaller p-valuesimply that the grouping is not random and
is more signi cant biologically than one with a higher p-
value. A cut-o value (alpha level) is usedto dieren tiate
signi cant groups from the insignicant ones. If a group
of clusters are assaiated with a p-value greater than the
cut-o, they are consideredinsigni cant. We used the rec-
ommended cut-o of 0.05 for all our validations.

As the p-value of a single cluster is statistically not repre-
sertativ e, we de ne a Clustering score function in order to
quantify the overall clusters. This scoreis de ned asfollows.

P .
S min (pi) + (n
ns + N

. cutof f
Clustering score = )

(13)

where ns and n; denotesthe number of signicant and in-
signi can't clusters, respectively. cutof f stands for the alpha
level (0.05) whereasmin (p;) denotesthe smallest p-value of
the signicant cluster i. Hence, each cluster is assaiated
with one p-value for each of the three ontologies.

5.2 Experimental Results

We use the three graph clustering algorithms with the
three topology-basedmetrics on both datasets separately to
obtain nine independernt base clusterings ead. Estimating
the optimal number of clusters, k, is a seriousissuein clus-
tering. Earlier approaches[14] have suggestedusing the ra-
tio betweenthe inter-cluster and intra-cluster similarities to
estimate the value. We use all three similarit y metrics with
the Agglomerativ e algorithm to estimate cluster quality for

di eren t valuesof k. Finally, one of the optimal values, 100,
is chosen as the value of k for this dataset. The clusterings
obtained are then represerted in the form of a coassaiation
matrix. We apply the agglomerative hierarchical algorithm
using the UPGMA metric, as described before. We also
implement an agglomerative algorithm with the single-link
metric (SLINK) used by Fred et al [8]. We also apply the
three consensuamethods proposedby Strehl - CSPA, HGPA
and MCLA et al [15]. We perform a comparison of these
methods in the rst subsection.

5.2.1 Empirical Comparisorof Consensumethods

In the rst experiment, we compare the co-assaiation-
based agglomerative consensusalgorithm (CBA C) with the
earlier algorithms - HGPA and MCLA proposedby Strehl
et al. The CSPA algorithm proposedby the same authors
ran out of memory on the PPI dataset. It seemsto be
suitable only for small datasets. We also compare with the
agglomerative single link method, used by Fredet al.

We compare the results using the metrics we described in
the previous subsection. Figure 3 shows the comparativ e re-
sults in terms of the modularit y and the AverageNormalized
Mutual Information metrics for the PPl dataset.

0.7 ~
GNMI

06 | B Modularity

0.5

0.4

0.3
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0 -
SLINK HGPA MCLA CBAC

Figure 3: Mo dularit y and NMI scores for consensus
algorithms - PPI dataset

As can be seen,the CBAC algorithm provides the high-
est scoresin terms of both metrics, when compared to all
the other three. Both the modularity and NMI results are
over 0.5 indicating the high quality of the clusters obtained,
both in terms of the interactions among them, aswell asthe
similarit y to the baseclusterings.

We alsoevaluate the clusters obtained from the PPI dataset
using the domain-based metric. Figure 4 shows the com-
parison in terms of the Clustering Scorefor Biological Pro-
cess, Molecular Function and Cellular Componert ontolo-
gies. Note that in this case, lesser score values represert
more meaningful clusters. The Co-assaiation-based ag-
glomerative consensusmethod once again does better than
the other three algorithms, in terms of all three ontologies.
The single link algorithm performs the worst. This suggests
that UPGMA is a better metric than single-link.

5.2.2 Comparisonwith the Base Clustering algo-
rithms

In the secondexperiment, we compare the consensusclus-
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Figure 4: Domain-based Clustering scores for con-

sensus algorithms - PPI dataset

terings with the onesobtained from the base clustering al-
gorithms. We compare the clusters obtained after perform-
ing consensususing the Agglomerative algorithm (CBA C)
with the clusterings obtained using the Agglomerativ e, Di-
rect and Rbr algorithms on the original graph. The principle
of ensenble clustering implies that the clusters obtained us-
ing an ensembleof clustering algorithms should yield better
clusters than the individual algorithms. The cluster quality
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Figure 5: Mo dularit y scores for base and consensus
clusterings - PPl dataset

results based on the Modularity metric are shown in Fig-
ure 5. It can be noted that the CBAC algorithm performs
better than any of the basealgorithms. This suggeststhat
ensenble clustering can be useful for improving the quality
of clustering for scale-freegraphs.

6. DISCUSSION

Our experimental results indicate that ensenble cluster-
ing of scale-free PPl graph managesto group biologically
relevant proteins together. To quantify this relevance us-
ing domain information, we employed the Gene Ontology
database and its three ontologies, biological process,molec-

ular function and cellular componert. In this section we
will further analyze seweral of these groups to interpret the
results of ensenble clustering.

With CBAC algorithm we are able to obtain 73 clusters
with signicant assaiation in terms of known Biological
Processterms. One of these clusters is composed of 165
proteins, among which 54 are annotated with the samebio-
logical term, namely "mRNA splicing - GO:0006371". Tak-
ing into consideration that, in the whole genomethere ex-
ist only 80 proteins (out of 7000) that are assaiated with
this term, the signi cance of this grouping is more obvious
(i.e. with p-value 4.45 e-72). This result strongly suggests
that other proteins in this group especially the unidenti-
ed ones( e.g. YDL144C, YMRO088C, YPR014C, YCR101C
,YLR412W) have great potential to take place in this bio-
logical process.

We identied 67 clusters that signicantly overlap with
Molecular Function terms in the GO database. In one of
these clusters, 31 of the proteins are assaiated with the GO
term "proteasome endopeptidase activit y* whereasthere ex-
ist only 34 proteins assaiated with this term in the whole
genome. This grouping is assaiated with a p-value score of
4.23e-58.

There exist 63 clusters with p-value scoresfor the Cellular
Componert ontology above the cut-o value (0.05). Among
these 63 groups, one of them has a p-value of 3.56e-62for
the Cellular Componert term "proteasome complex". There
exist 33 proteins assaiated with this term out of 90 proteins.
In the whole genome 36 proteins have this annotation.

Table 1 shows the unidenti ed proteins in these 3 groups.
Due to the low p-values, it is highly likely that these previ-
ously unknown proteins share the functionalities assaiated
with the corresponding GO-term. In this way, ensenble
clustering can be usedto perform protein identi cation in
PPl networks.

7. CONCLUSION

In this paper, we have preserted a preliminary study of
the application of an ensenble approach to scale-freegraphs
to improve the quality of clustering. We have applied three
topological metrics with an ensenble of three di eren t base
clustering algorithms to obtain diverse clusterings. From
our experimental evaluation, we have demonstrated the ef-
fectivenessof the agglomerative algorithm to perform con-
sensusclustering. Our preliminary results suggestthat en-
semble clustering can provide improvemerts in cluster qual-
ity for scale-freegraphs.

In the future, we would like to perform a more detailed
analysis involving more real scale-freenetworks and investi-
gating alternate consensusmethods to further improve clus-
ter quality. We would particularly like to focus on scal-
able algorithms for partitioning large scale-freegraphs. The
Coassaiation matrix represertation we usein this work is
not likely to be e cien t for larger datasets. Traditional clus-
tering algorithms would also su er in the presenceof large
number of points. We wish to address these issuesin the
future.
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