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Abstract—Many algorithms have been proposed for detecting
disjoint communities (relatively densely connectegubgraphs) in
networks. One popular technique is to optimizemodularity, a
measure of the quality of a partition in terms of he number of
intracommunity and intercommunity edges. Greedy appoximate
algorithms for maximizing modularity can be very fast and
effective. We propose a new algorithm that starts o detecting
disjoint cliques and then merges these to optimizenodularity.
We show that this performs better than other simila algorithms
in terms of both modularity and execution speed.
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l. INTRODUCTION

Many systems can be represented as networks: éone,
social networks, epidemic networks, neural
communication networks, and distribution netwoNkéth the
increasing availability of large network datasétere has been
more and more interest in computational technighas help
us to understand the properties of networks. Atkeplogical
feature of networks is that vertices are oftenctmed into
distinct groups, ocommunities, in terms of edge density. That
is, edges between vertices in the same commurgtydense,
but are sparse between different communities [@6nmunity
detection is important because vertices in the seonanunity
often have similar properties. Community deteciiam allow
us to understand attributes of vertices from netwopology
alone; this has numerous applications in netwoelyais.

A vast number of community detection algorithms énav

been developed, especially in the last few yedngyvary in
the type of network they can handle (unipartite hipartite,
weighted vs. unweighted, etc.) and the type of comnityg
structure they can detect (disjoint, overlappingrdrchical,
etc.), as well as the techniques used. A very cehgirsive
recent survey of community detection algorithmsespp in [9].
Most algorithms are intended to detect disjoint pamities in
unweighted, undirected, unipartite networks, and regtrict
our attention to this task in the rest of this pape

Research in community detection has been overstatiow

by the lack of a formal definition afommunity. This problem
was noted by social scientists decades ago [2btilihas not
been solved [9]. Different algorithms tend to addferent
definitions that are consistent with the basiajitite concept.
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The simplest definition of community is @dique, in the
graph-theoretic sense: a set of vertices that lardmcent to
each other. In principle, a clique should qualyaacommunity
by any definition, since it is has the greatestsjiide edge
density. There are many existing algorithms foredgng
maximal cliques (those that are not subgraphstaratliques)
[5, 28] and maximum cliques (the largest cliquea imetwork)
[14, 22]. However, community detection cannot bduced to
clique detection, for several reasons. First, nooshmunities
are not cliques: the requirement that every paiveafices be
connected is too strict in practice. Second, ckqueven if
maximal, can be numerous (exponentially relateshdtwork
size) and highly overlapping. This does not comespto the
intuitive notion of community, especially if comnities are
expected to be disjoint. Finally, clique detectiois

networkscomputationally expensive: the maximal clique peobland

maximum clique problem are both NP-complete.

The first problem has been addressed in the ssciahce
literature by relaxing the requirement that eveair pf vertices
be connected. A community could be m@itlique, n-club, n-
clan, k-plex, k-core, etc., all of which are like cliques but are
allowed to have some edges missing. Another approas
adopted in the “clique percolation” algorithm [#]2a kclique
community is defined as a set of cliques, each of &zsuch
that each clique hdsl vertices shared with another.

Instead of prescribing properties that a commusitguld
satisfy, we can define a function on a subgraph shmehow
measures its internal edge density relative t@xternal edge
density, and try to optimize that function. Simlyarwe can

define aquality function that measures the quality of an entire

partition (a division of a network into disjointtegraphs). The
most common quality function iswodularity [20], which has
been widely used in recent years to assess therperfice of
community detection algorithms. It has also beesdis some
algorithms that work by optimizing modularity, nbka[6, 18].

In this paper we propose a simple new communitgadietn
algorithm that combines the concepts of cliquesrandularity
optimization. It consists of two phases: first, partition the
network into a set of disjoint communities whicle aliques,
favouring larger cliques; second, we merge thesenuanities
using a hill-climbing greedy algorithm to maximizine
modularity of the partition. As we show, the alg¢fom achieves
better results than other modularity-maximizingoaiitnms.



In the next section we outline some of the existielgted
algorithms. Section 3 describes our new algoritGligueMod.
In Section 4 we present some results of experimemts
synthetic and real networks, to compare our algoritwith
related ones. Conclusions appear in Section 5.

1. RELATED WORK

There are a few existing community detection athans
that are based on finding cliques: CFinder [1, 24ilined in

but onlyO(n log? n) if community sizes are balanced, which is
more likely with our algorithm than with [6]. Eveifi the
complexity is the same as [6], the execution tinik wsually
be less because fewer merging steps are required.

For the first phase, to find “large” disjoint cligs, the ideal
method is to find the largest clique in the netwagmove it,
find the largest clique in the remaining netwonkg &0 on. One
way to implement this is to repeatedly use a mariralique
algorithm, e.g., [22, 14]. An alternative way is tse an

Section 1, ComTector [8], described below, and av ne algorithm, such as [5, 28], that enumeratésnaximal cliques

algorithm [16] to detect highly-overlapping comntigs.

and then process its results by repeatedly findiveg largest
cligue and deleting its vertices from the othequdis in the list.

The original community detection algorithm based on

modularity maximization was Newman's [18] greedyl-hi
climbing agglomerative algorithm; this was followegla more
efficient version, known as the Fast Modularityaalthm [6].

These algorithms begin with a trivial partition,tvivery low

modularity, in which each vertex is in a separainmunity.

The algorithms then repeatedly merge the pair afroanities
that results in the greatest increase in modularittil the

desired number of communities is obtained.

The algorithms of [6, 18] give poor results in sooases,
because some communities tend to become excestivgby.
This seems to be because the hill-climbing algoritas no
information at the beginning about which (singlgton
communities to merge. Wakita and Tsurumi [27] adsked this
problem by modifying the quality function to incormate
balanced community sizes as well as modularity.

An alternative method is to start from a partitianwhich
communities contain more than just one vertex. &lage a few
algorithms that do this. PBD [26] forms initial comnities
using random walkers. In PKM [7], each initial conmity is
one of the highest-degree vertices and its neigisbou
ComTector [8] first finds all maximal cliques, theonverts
these to an initial partition by identifying comnityr‘kernels”
and then assigning each vertex to the most apptegternel.

[ll.  THE CLIQUEMOD ALGORITHM
Our CliqueMod algorithm has two phases:

1. The network is divided into a set difgoint cliques. The
size of each cligue may be as small as 1, but wéepr
larger cliques. These cliques are used as the coitigsu
in the initial partition.

2. The number of communities is reduced to the reduire

number by repeatedly merging pairs of communifids

pair chosen at each step is that which maximizes th

increase in the partition’s modularity.

Because the first phase finds disjoint cliquesnétvitably
breaks some large cliques into smaller cliques.dxample, if
we have a 10-vertex subgraph that is not a cliguecbntains
many overlapping 9-vertex cliques, our first phagh split
this intoone 9-vertex clique and a 1-vertex clique. It is lgft
the second phase to assemble these into a 10-vert@xunity.

Our second phase is fundamentally the same asettech

used in [6] and some subsequent algorithms. Forsspa

networks, its time complexity i©(n” log n) in the worst case,

We have found the first option to be faster, beeafsthe
exponential number of cliques that need to be exadhiising
the second option. We therefore adopt the maximiione
algorithm of Konc and Jane€zi(KJ) [14], with a small
optimization: we use the size of the last cliquanib as an
upper bound on the clique size when invoking theimam-
cligue algorithm again. (The original algorithm sisgraph
colouring to obtain an approximate upper bound.is & the
first version of our algorithm, which we name Clidyiod-KJ.

The problem with CligueMod-KJ is that its time cdeyty
is exponential, because of the use of the maximigne
algorithm. For large networks, a faster algoritrsmessential.
We have modified the maximal-clique algorithm ofoBrand
Kerbosch (BK) [5] so that it finds “approximatelyaximal”
disjoint cliques. Like BK, our algorithm repeatedixpands
candidate cliques until they are maximal, but hg¥ound one,
it now outputs it and immediately deletes its \esi from the
algorithm’s data structures, instead of explorifigraatives.
This way, we have no guarantee that the cliquesdoare
maximal, but they are reasonably large in practiel there
may be more of them, and therefore fewer singleiajues.
This algorithm is much faster, with worst-case ticoenplexity
O(n?) for a sparse network. We use this in the secardion
of our algorithm, which we name CliqueMod-BK.

Figure 1 shows the clique size distribution in tA&P
network [4] after the first phase of CliqueMod-Khda
CligueMod-BK, respectively.
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Figure 1. The distribution of clique sizes



IV. EXPERIMENTS

To evaluate a community detection algorithm, itudtidoe
tested on artificial and real networks. For art#ficnetworks,
we use the Adjusted Rand index [12] to comparekii@vn
communities with the partition found by the algonit. For real
networks, since we do not know the real communities use
the modularity measure [20] to assess the qudligypartition.

In this section, we evaluate our CligueMod algarittboth
CM-BK and CM-KJ), implemented in Java, by comparihg
with several other disjoint community detection aaithms:
Clausetet al. (CNM) [6], Wakita and Tsurumi (WT) [27], and
Pons and Latapy (PL) [25]. We also compared with RBD
algorithm [26] on real networks, but were unabledtoso on
synthetic networks because of a run-time erronénRBD code.

A. Experiments with Synthetic Networks

Lancichinettiet al. [15] have proposed a class of artificial
networks which they claim reflect the importantexsp of real
networks, to be used as benchmarks for testing aorityn
detection algorithms. The networks have severarpaters:

nis the number of vertices.

to 2.5*<k> for all networks we use.

y is the exponent of the power-law distribution from
which the vertex degrees are taken.

cs is the minimum community size. We set the
maximum community size to 28

f is the exponent of the power-law distribution from
which the community sizes are taken.

u is the mixing parameter: each vertex shares ¢éidrac
u of its edges with vertices in other communities.

We use these random networks to evaluate the tigwi
All results are averaged over ten random netwoekserated
using the same parameters.

Figure 2 shows the effect of varying the mixinggvaeter,

. As u increases, CM-BK and CM-KJ are much better than

WT and CNM, and slightly better than PL for0.3.

In Figure 3 we vary the community size expongntover
the range 1-2 suggested by Lancichinettal. [15]. CM-BK
and CM-KJ perform better than all other algorithraed the
results seem unaffected by the valugs.oin Figure 4 we vary
the degree exponent over the range 2-3 suggested by
Lancichinettiet al. [15]. PL is slightly better than CM-BK and
CM-KJ, and all three are better than other algorithAgain,
the value of has little effect on the results.

Figure 5 shows the effect of varying the averaggeaie «>
from 10-30. The maximum degree is set to 2I5*<PL is
slightly better than CM-BK and CM-KJ for higher degs, but
all three are much better than CNM and WT. Figurghéws
the effect of varying the minimum community sige The
maximum community size is set to@* CM-BK and CM-KJ
are much better than WT and CNM, and better thanfdpL
larger community sizes.

<k> is the average degree. We set the maximum degree; 08¢
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Figure 2. Adjusted Rand index for random networks witt.000,5=1, y=2,
4#=0.1~0.6, ¥>=10,cs=50.
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Figure 3. Adjusted Rand index for random networks witfL000,5=1~2,
y=2,u=0.4, 4>=10,cs=50.
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Figure 4. Adjusted Rand index for random networks witfL000,5=1,
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Figure 7 shows how the execution time varies wétwork
size,n. All experiments were run on an AMD Opteron 250 at



2.4GHz. As expected, CM-KJ is too slow except foral
networks, but CM-BK is faster than CNM and PL.
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Figure 5. Adjusted Rand index for random networks witt.000,5=1, y=2,
£#=0.4, «>=10~30,s=50.
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Figure 6. Adjusted Rand index for random networks witt.000,5=1, y=2,
1#=0.4, «>=10,cs=20~60.
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Figure 7. Execution time (seconds) for random networks with
n=1000~150004=1,y=2,4=0.4, «>=10,cs=50.

B. Experimentswith Real Networks

We have run the same community detection algoritbms
several real networks, listed in Table I. Many béde have
become de facto benchmarks for community detection
algorithms. “scientometrics” is a citation netwofketscience”,
“cond-mat-2003”, “cond-mat-2005”, and “erd6s1997620
are collaboration networks. “c. elegans” is a meliametwork.

All others are social networks. Most of the netveorksed
contain only one component, but “drugnet”, “erd®&2-:91999”,
and “cond-mat-2005” contain several components, for
consistency with the experiments reported in [7, 8]

Table | shows the maximum modularity obtained bghea
algorithm for each of these networks, and the teiacution
time on an AMD Opteron 250 at 2.4GHz. As well as
CligueMod, CNM, WT, PL, and PBD [26], the table slsothe
results for the ComTector (CT) [8], and PKM [7] atighms,
as reported in the respective papers. Regrettalel\have been
unable to obtain the code for CT and PKM, so oungarison
of modularity is incomplete, and the execution snae not
directly comparable with the others.

Our results show that CligueMod-KJ generally gites
highest modularity, closely followed by CligueModkBwhile
both of them give better solutions than the otHgorithms.
For the larger networks, CM-BK is the fastest atbon tested,
with the exception of WT and (possibly) PBD.

V. CONCLUSIONS

We have presented a simple algorithm to detecbidisj
communities in networks by merging cliques. Althbugrge
cligues are desirable, they need not be maximalk ou
approximate algorithm, CligueMod-BK, gives resulst are
almost as good as CliqueMod-KJ, which uses maxatiglies,
and almost always better than those of the othgoritthms.
Our algorithm is among the fastest, though notaass &s the
WT algorithm, which gives consistently lower modiila

It is perhaps not surprising that our algorithnmesuits are
better than those of the CNM and WT algorithmsgesithose
begin the merging process with singleton commusitées we
noted in Section 2. More interesting is the cormgmariwith the
algorithms of [7, 8, 26], which also start fromdar initial
communities. We believe that our use of cliqueskadretter,
in modularity terms, because cliques are as the moslular
initial communities possible. Although ComTector] [8lso
finds cliques, the initial communities are creafan them by
a process that seemsramluce modularity.

One area of future work is to improve our algorithm
speed even further. Our current implementation uist jan
unoptimized prototype. It may be worth applying thame
techniques that the WT algorithm adds to the CNibaihm
to balance community sizes and improve speed. Qtltere
work includes extending our algorithm to allow depping
communities. This is not trivial, because of thesaine overlap
that already exists between cliques and the difficun
optimizing the modularity of overlapping commungti@1].

Our CliqgueMod implementation is available
http://www.cs.bris.ac.uk/~steve/networks/cliquemod/

from
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TABLE I.

REAL NETWORKS MAXIMUM MODULARITY AND EXECUTION TIME

Maximum modularity Execution time (s)
Name Ref|Vertices| Edges|| CliqueMod . || CliqgueMod .
CNM| PL | WT |PBD | CT |PKM CNM| PL | WT |PBD | CT
BK | KJ BK | KJ
zachary 30 34 78 || 0.41D.417|0.387|0.335/0.419(0.394] 0.412 0.03| 0.04| 0.05 0.01 0.55 0.004
drugnet 7 212 284 0.74D.745|0.745|0.702/0.724{0.735 0.751) 0.05| 0.05| 0.20 0.083 0.93 0.01
netscience | 19 379 914 0.83%847|0.837|0.828|0.819(0.837 0.06 0.20| 0.37 0.02 0.75 0.01
c. elegans 13 453 202% 0.43D418(0.408|0.349/0.421| 0.416| 0.04 0.26/ 0.43 0.0 094 0.04
email 11| 1133| 5451 0.550.554{0.512|0.531|0.478|0.536 0.38 1.99| 121 0.26 1.43 0.06
scientometric$ 23 | 2678 | 10368 0.59®.608|0.548|0.533|0.517|0.560 1.11) 18.6| 2.92 1.01 1.79 0.22
blogs 29| 3982 6803 0.8%0.857|0.850|0.788/0.832(0.839 0.84 36.9| 3.80 0.65 7.47 0.37
erd6s1997 3| 5482 8974 0.7Qr733]/0.523|0.679/0.712|0.709| 0.69 275 338 580 224 245 0.2 23
erd9s1998 3| 5816 9504 0.7Q¥734(/0.706|0.676/0.711|0.714| 0.69 292 383 6.19 250 266 0.82 26
erd6s1999 3] 6094 9939 0.732733[0.699|0.678/0.709|0.714| 0.69 329 421 653 276 261 086 27
erd6s2002 [ 23 6927 11850 0.7@R697(0.670|0.6270.676|0.682 432 584 767 532 372 1.36
PGP 4| 10680 2431f 0.8y@.877|0.855|0.789/0.851|0.861 5.06 857| 11.1 3.72 2.88 1.78
cond-mat-200B 17 [ 27519| 11618]0.734|0.748| 0.657|0.629|0.709)0.725 36.6 26476 127 | 59.2| 5.22 10.4
cond-mat-200p 17 | 39577 17569“30.707 0.655|0.593/0.577|0.689| 0.65 106 278/ 138 6.76 29/0 790
"Results reported in original papers, not testedsy
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