Finding Overlapping Communities Using
Digoint Community Detection Algorithms

S. Gregory

Abstract Many algorithms have been designed to discovemmamity structure in
networks. Most of these detect disjoint communjtigkile a few can find com-
munities that overlap. We propose a new, two-phasthod of detecting over-
lapping communities. In the first phase, a netwisritansformed to a new one by
splitting vertices, using the idea eplit betweennessn the second phase, the
transformed network is processed by a disjoint camity detection algorithm.
This approach has the potential to convert anyitiscommunity detection algo-
rithm into an overlapping community detection algfon. Our experiments, using
several “disjoint” algorithms, demonstrate that thethod works, producing solu-
tions, and execution times, that are often betten those produced by specialized
“overlapping” algorithms.

1 Introduction and Motivation

Networks are a natural representation for varidodsof complex system, in so-
ciety, biology, and other fields. One of the masteiesting properties of many
types of network is thetommunity structurethe existence of groups, commu-
nities of vertices that are more densely connected ¢h ether than to vertices in
other communities. Communities often representedlgroups of individuals in
the real world. The automatic discovery of netwedmmunities is very useful
because, for example, it can help throw light om structure of networks which
are far too large for humans to make sense of nign@ven with the help of
visualization techniques.

There is currently no generally accepted definitddcommunity and no stan-
dard algorithm exists for discovering communitidsimerous algorithms, using a
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variety of methods, have been developed; these watheir effectiveness and
speed for different types of network. Many algarihwere described in the sur-
vey papers of [8, 19], but recently many new altyons have appeared, including
some very fast ones with the potential to work enyvarge networks. Most com-
munity detection (CD) algorithms assume that neksware unipartite and have
undirected, unweighted edges; we make the samena$isus in this paper.

An important difference between algorithms is théew of the relation be-
tween the communities in a network. The vast mgjaf algorithms, including
[6, 11, 15, 20, 25, 27, 29], assume that verticesr@embers of #at set ofdisjoint
communities. This makes sense for many networksexample, most employees
work for a single employer, most papers are publisim a single conference, etc.
A few algorithms, including [2, 12, 13, 24, 30]Jaal communities to overlap,
with each individual possibly appearing in morenthene community. This is
more realistic in some cases: for example, mangareders belong to more than
one research community. Yet other algorithms [3,A,aim to detect hierarchy
of communities: for example, a number of reseamrhrounities each divided into
several research groups.

The dichotomy between “disjoint” and “overlappinGD algorithms is unfor-
tunate because it limits the application of eago@athm. If a network has over-
lapping communities, a “disjoint” algorithm cannfihd them; conversely, if
communities are known to be disjoint, a “disjoiatfgorithm will generally per-
form better than an “overlapping” algorithm. Foethest results for a given net-
work, it is important to use the right kind of atgbm. (The question of how to
choose the right kind of algorithm is outside thepse of the present paper.)

In this paper we present a method to alkmy “disjoint” CD algorithm to be
used instead for finding overlapping communitielisTmeans that a user wishing
to find overlapping communities need no longer dredd to use one of the small
number of “overlapping” algorithms that exist, lmain also choose from the many
“disjoint” algorithms. Moreover, improved “disjoihtalgorithms resulting from
future research can potentially also be appliethéoproblem of detecting over-
lapping communities.

Our method is implemented by transforming a netwiaotk another network
that can be fed into a “disjoint” CD algorithm, atietn transforming the resulting
disjoint communities into (potentially overlappingdmmunities of the original
network. The transformation is based on #pit betweennesprinciple intro-
duced in the CONGA CD algorithm [12, 13].

The next section provides a brief overview of tf@NISA algorithm, which in-
spired this work. In Section 3 we present our ti@msation algorithm, named
Peacock, explain its design, and compare it wittiNG@.. Section 4 describes the
results of experiments to detect overlapping conitisin both synthetic and
real-world networks. The experiments use a comluinaif Peacock with four ex-
isting “disjoint” algorithms, as well as two exisj “overlapping” algorithms.
Conclusions appear in Section 5.
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2 The CONGA Algorithm

CONGA (Cluster-Overlap Newman Girvan Algorithm) [1i8 a CD algorithm
based on Girvan and Newman'’s [11, 22] “GN” algarithut extended to detect
overlapping communities. CONGA adds to the GN atgor the ability to split
vertices between communities, based on the newepbid split betweenness.

CONGA comprises a sequence of steps, each of whitioves an edge from
the networkor splits a vertex into two vertices:

1. Calculate edge betweenness of edges and split @ehsss of vertices.

2. Remove edge with maximum edge betweenness orvegptiéx with maximum
split betweenness, if greater.

3. Recalculate edge betweenness and split betweenness.

4. Repeat from step 2 until no edges remain.

Theedge betweennefk0, 11] of an edge is the number of shortest paths, be-
tween all pairs of vertices, that pass alenghesplit betweenned42] of a vertex
v is the number of shortest paths that would passden the two parts of if it
were split. There are many ways to split a verte® two; thebest splitis the one
that maximizes the split betweenness. Ref. [12¢gian approximate, efficient al-
gorithm for calculating split betweenness at theesgéime as edge betweenness.

In CONGA, a network is initially treated as a seglommunity, assuming it is
connected. After one or more iterations, step Zesathe network to split into two
components (communities). Communities are repeatgallt into two until only
singleton communities remain. By representing tinady splits as a dendrogram,
the network can be partitioned into any desired memof communities.

The algorithm has a worst-case time complexity ¢ffor a sparse network.
In practice, the speed depends on the number titeerthat are split (which in-
creases the network size) and on how easily theanktbreaks into separate com-
ponents. This is because, in step 3, betweenness b calculated only for the
component containing the removed edge or spliexexr for both components if
step 2 caused the component to split.

Ref. [13] presents an optimized version of CONGamed CONGO (CONGA
Optimized), which employs Bbcal form of betweenness. In CONGO, edge be-
tweenness and split betweenness are calculatedting the number ashort
paths: those that are no longer tlafa parameter). This optimization reduces the
time complexity to Ot log n) for a sparse network. For simplicity, we refer to
both CONGA and CONGO by the name CONGA in the rachai of this paper.

3 ThePeacock Algorithm

The Peacock algorithm is used in the context shimwfig. 1. The system com-
prises the following phases:
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1. The network is transformed to a new, larger, nekw&ach step of the trans-
formationsplits a vertex into two vertices and one edge. Assurttiegoriginal
network was connected, the transformed one widl bks connected. The names
of the vertices involved in each splitting step st@red for later use; for exam-
ple, if vertexv splits into {v, v}, v' is recorded as a copy @fin the vertex
names file. Additionally, all vertices in the trémsned file are renamed to in-
tegers, for compatibility with some CD algorithrhgt impose this restriction.

2. The transformed network is input to a CD algorithwhjch produces aluster-
ing: a set of disjoint sets of vertices.

3. The disjoint clustering is converted to a (possiblserlapping) clustering by
replacing the vertex names by those used in tiggnadi network. For example,
if Peacock spliv into {v, v} and these occur in two different sets in the aisj
clustering, the final clustering includesn both sets, which therefore overlap.

Original Transformed
network network

[><] Peacock [>—<]

Vertex Community
name algorithm
@ Postprocesso @—@
Overlapping Disjoint
communitie communitie

Fig. 1. Architecture of the Peacock system

The Peacock algorithm itself, which transformsrieévork, works as follows:

1. Calculate the split betweenness of all vertices.

2. Choose the vertex with the maximum split betweean8glit it into two, ac-
cording to its best split.

. Recalculate the split betweenness of vertices, evtiés might have changed.

. Repeat from step 2 until the maximum split betwessris sufficiently small.

. For each split vertex, place a new edge betweetwtheesulting vertices.

b~ w

In step 4, termination depends on the ratio betwtsenmaximum split be-
tweenness (of all vertices) and the maximum ed¢wdsnness (of all edges). The
loop terminates when this ratio becomes less sharparameter of the algorithm.
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In step 5, edges are placed in the order in whistices split. For example, vf
splits twice, creating' andv", edges ¥,v'} and {v,v'} are placed; ifv' then splits
twice, creating/™ andv"", {v',v"} and {v',v""'} are placed, as shown in Fig. 3(a).

Fig. 2 shows an example of Peacock’s transformatfansimple network. Fig.
2(a) is the original network. The maximum splityeénness is 40, for vertex
while the maximum edge betweenness is 25, for eflg@sand {a,g}. Provided
the s parameter is less than 1.6 (=40/28),will be split. Its best split is
({b,c,d},{ f,g}), so the network will be transformed to that shoin Fig. 2(b). Ifs
is small enough (less than 0.8) there are two rapliting steps that can be done,
splitting h and therb, resulting finally in the network of Fig. 2(c).

Fig. 2. Example of Peacock network transformation: (ayjiodl network; (b) after first splitting
step; (c) after all three splitting steps.

Provided thes parameter is small enough, its exact value iscritital to the
result of the community detection. For exampleyé ask a CD algorithm to di-
vide the network of Fig. 2(b) into two disjoint camnities, the result will usually
be {{a,b,c,d,e}, {a'f,g,h,ij}}. If we feed the network of Fig. 2(c) into therse al-
gorithm, it will find larger communities, {,b,b',c,d,e}, { a'f,g,h,n',i,j}}, but both
of these solutions are postprocessed to the samefpaverlapping communities:
{{ a,b,c,d,e}, { a,f,g,h,i,j}}. We return to the choice af below in this section.

The Peacock algorithm is quite similar to CONGA. eQdifference is that
CONGA does not bridge the gaps formed when a vespits. Another difference
is that CONGA interleaves the vertex splitting stdps described above) with
edge removal steps (as in the GN algorithm [1H)CONGA, both vertex split-
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ting and edge removal steps act to break down wonktinto separate compo-
nents which represent communities. Peacock ismehded to detect communi-
ties, and so it keeps the network connected.

Design Alternatives

We choose to recalculate betweenness in eachidgteraistead of simply splitting
the vertices that initially have a split betweermngeater than a certain value. This
is for the same reason as the GN and CONGA algosittecalculate betweenness
in each iteration: the network structure changesaking into separate compo-
nents, and the values of betweenness rapidly becwinef date. Besides, some-
times a vertex needs to be split more than onsdgatweenness after its first split
cannot be calculated at the beginning.

(a) (b)

Fig. 3. Alternative ways to connect split vertices: (a)timogl used in Peacock; (b) connecting
vertex to each of its copies; (c) connecting verim a clique.

Another key design decision is whether, and howbridge the gaps formed
when vertices split. The method used is to placedge across each gap as it is
created. For example,\ifsplits twice, creating' andv", andv' splits twice, creat-
ing v"" andv"", the edges placed are shown in Fig. 3(a). Thihiatetvas chosen
because the edge betweenness of the new edge mpaiely equals the split be-
tweenness of the split vertex. (It is not identioatause the network contains ex-
tra vertices and longer paths following the spiithis helps make the community
structure apparent in the transformed network éethé CD algorithm. The fol-
lowing alternatives were also considered:

1. Do not add any edges. The problem with this metisothat the network is
likely to break into disconnected components dutimg transformation proc-
ess, which affects the communities that can beddaynthe CD algorithm.

2. Place an edge only when necessary to prevent theoresplitting into two
components. This avoids the above problem, bun#teork still breaks into
almost-separate components connected by few esigéise results are poor.

3. Place an edge between the original verngatd each of the copies of it,(v",
v",v'"), as in Fig. 3(b). This method gives worse redhiés the chosen one.
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4. Join the original vertex and its copies in a cligag in Fig. 3(c). This method
sometimes works well but is very sensitive to th&ug of parametes. This is
because a clique, especially a large one, is tteedeone community by most
CD algorithms, so there is no advantage in transifoy a vertex to a clique.

Another issue is the value of parametein most networks, the maximum split
betweenness is slightly greater than the maximuge drtweenness, so setting
to a value greater than about 1 or 2 leaves theanktunchanged. A smaller value
of s causes more vertices to be split and the netwoikdrease in size. We have
experimented witls ranging from 0.005 to 0.5, and found remarkalitielidiffer-
ence in the solution quality. Some CD algorithmsofa a larger value while some
prefer a smaller value, but the difference is sm@&dl regards execution time, a
large value ok is preferable, so that the CD algorithm will havemaller network
to process. We settled on a valuesed.1 for all experiments in the next section.

The final design decision is the value of the patemh. For CONGA, reduc-
ing h usually reduces both solution quality and executime. Using Peacock,
combined with the GN algorithm, we variador each phase: reducitgfor Pea-
cock had a much smaller effect on solution qualign reducind for the GN al-
gorithm. The same is true of the other CD algorghithis suggests that local be-
tweenness is a more acceptable optimization folittisyg” than for community
detection. We therefore uskd? for all experiments in the next section.

4 Experiments

To evaluate Peacock, we combined it with seveigbitit CD algorithms. These
were chosen because they are modern algorithmghvathotential to handle large
networks,andimplementations of them, by their authors, werdlilgavailable:

1. CNM. Clauset, Newman, and Moore’s “fast modulariygorithm of [6, 31].

2. WT. The algorithm of Wakita and Tsurumi [27, 328\{r 159): an optimization
of the CNM algorithm.

3. BGLL. The “fast unfolding” algorithm of Blondel, @laume, Lambiotte, and
Lefebvre [3, 33] (February 2008 version): anothedmarity-maximizing al-
gorithm, claimed to be faster than CNM or WT.

4. PL. The “Walktrap” algorithm of Pons and Latapy [28] (v0.2), which works
by generating random walks which tend to get trdgpeeommunities.

We compare the results with results from two emgstbverlapping CD algo-
rithms, whose code is also available:

1. CFinder. The “clique percolation” algorithm of RallDerényi, Farkas, and
Vicsek [1, 24, 35] (v1.21).
2. CONGA. Gregory’'s CONGA algorithm [12, 13, 36] (v®)3with h=2.
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For CNM, WT, PL, and CONGA, the user can choosedi&sired number of
communities, although for WT there is a minimum ib@mof communities that
can be found. In contrast, BGLL and CFinder findnaall number of solutions,
each with a fixed number of communities.

Experiments with Synthetic Networks

A good way to evaluate a CD algorithm is by genegaartificial networks based
on a known community structure and comparing thewkn communities with
those found by the algorithm. The comparison camldr@e in various ways, in-
cluding the F-measure and Mutual Information meag@i. The Adjusted Rand
index [16], a variant of the Rand index [26] thatledes the effects of chance, is
often considered the most accurate. However,ribtsideal for solutions contain-
ing overlapping clusters because it does not censlte number of clusters con-
taining each pair of vertices. We therefore useQhgega index [7]: an extension
of the Adjusted Rand index for solutions with oapghing clusters.

We randomly generated a set of networks containingrtices divided int@
equally-sized communities, each containivdc vertices. Vertices are randomly
and evenly distributed between communities so ¢hah vertex is a member of
communities on average.is a measure of overlap=1 means that communities
are disjoint andt=c means that each community contains all verticas. ffletwork
is constructed by placing edges between pairs iiices randomly, with probabil-
ity ipi, if there ard (>1) communities to which both vertices belong, apgoth-
erwise. All networks used in the experiments amneated. Results shown are the
average of 100 runs.

In these experiments we evaluate Peactei?) combined with CNM, WT,
and PL, and compared these with CONG®&Z) and CFinder. For most of the al-
gorithms we ask foc communities, where is the known number of communities
in the network. This is impossible with CFinder,ogk only parameter ks(clus-
ter density), so we show the results from CFindeafl values ok.

Fig. 4 shows results for 256 vertices in 32 comniesi The overlap is 2, so
each community contains 16 vertices. @s increases, the community structure
becomes less evident and the solution quality dese more sharply for CONGA
than for CFinder. Peacock+PL behaves similarly @NGA, but Peacock+CNM
is much better — comparable with CFinder — whiladeek+WT is slightly worse.

Fig. 5 shows the effect of increasing the densityintracommunity edges,
which should increase the solution quality. All dored algorithms perform bet-
ter than CONGA for lovp;,, with Peacock+WT slightly worse than the others.

In Fig. 6 we fixp;, andp,y and vary the overlap, CONGA'’s performance de-
clines asr increases above 2. Peacock+PL behaves slighttgrbethile Pea-
cock+CNM is better than CONGA or CFinder. Again,aBeck+WT performs
slightly less well than Peacock+CNM.
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1t Peacock+CNM —=—
PeacocktWT —o—
Peacock+PL —=—
CONGA ——
CFinder: k=4 —&—
k=5 —m—
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Fig. 4. Omega index for random networks with256,c=32,r=2, pin=0.5, variougout.
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Fig. 5. Omega index for random networks with256,c=32,r=2, po,=0, variouspin.
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Fig. 6. Omega index for random networks with256,c=32, pin=0.5, pou=0, various.
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Fig. 7 shows the effect of varying the network sid@le keeping the commu-
nity size constant. Peacock+CNM and Peacock+PL Ipettiorm better than
CONGA, with Peacock+WT slightly worse than the oshe

In Fig. 8 the network size is fixed but the numkend therefore size) of the
communities varies. Peacock+CNM performs betten t@ONGA; the other
combined algorithms perform slightly worse, bull &tétter than CFinder.

r 5
Al
08 r >
o
N Peacock+CNM —=—
06 Peacock+WT ——
: Peacock+PL —<—
“CONGA ——
CFinder: k=4 —&—
04 f k=5 —m—
k=6 —&—
F .
0.2r
A A A A A A A

0
64 128 192 256 320 384 448 512
Number of vertices (n)

Fig. 7. Omega index for random networks withn/8, r=2, pin=0.5, pou=0, various.

0.8 r

0.6
Peacock+CNM —=—
o Peacock+WT ——
04t Peacock+PL —<—

0.2 ¢

&

8 12 16 20 24 28 32
Number of communities (c)

Fig. 8. Omega index for random networks with256,r=2, pin=0.5, pou=0, variousc.

Fig. 9 shows how the total execution time, to detee specified number of
communities, varies with network size. All thesdwarks contain overlapping
communities of a small fixed size with overlap 1A8. programs were run under
Linux on an AMD Opteron 250 CPU at 2.4GHz. For eatkthe combined “Pea-
cock+X" algorithms, the execution time plotted caieps the time for the net-
work-transformation phase (using Peacqulkis the time for the CD phase (using
algorithm X). The time for the Peacock phase isilamio CONGA'’s execution
time: it increases almost linearly with size, adefor the experiment shown here.
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The time for the CD phase depends on which algorithusedand how sensitive
that algorithm is to network size, since it haptocess the transformed network,
which is larger than the original one whose sizghiswn on the horizontal axis.
This shows that, for large networks, execution timmgreatest for CFinder and
least for CONGA, while Peacock+WT is the fastesthefcombined algorithms.

2100 Peacock+CNM —&—
Peacock+tWT —o—
Peacock+PL —=—
CONGA ——
CFinder —w—

1800

1500

1200

900

600

300

0 100000 200000 300000 400000 500000
Number of vertices (n)

Fig. 9. Execution time (seconds) for random netwark/8, r=1.2, pin=0.5, pou=0, various.

Experiments with Real-World Networks

We have run the CD algorithms on several real-wodtivorks, listed in Table 1.
The table shows the source of each network, it sizd the times for the various
algorithms to generate solutions, on an AMD Opte260 at 2.4GHz. The total
execution time is the sum of the execution timetloé Peacock network-
transformation phase (column 7) and the time ofGBephase (last four columns).
Again, the time for the Peacock phase is simils&C@NGA's execution time.

When evaluating a CD algorithm on real-world netggprthere is usually no
known “correct” solution. Solution quality must besessed in a different way: for
example, by modularity [21, 22], which measures tdlative number of intra-
community and intercommunity edges. A high modtjaindicates that there are
more intracommunity edges than would be expectechyce.

The original modularity measur®), is defined only for disjoint communities,
but Nicosiaet al [23] proposed a new modularity measu®g,, whichis defined
also for overlapping communitie®,, is defined so tha,~=0 when all vertices
belong to one community or all belong to singletmmmunities, while higher
values ofQ,, indicate stronger community structure. Each vertey belong to
each community with anbpelonging coefficientFor each vertex, the belonging
coefficients for all communities sum to 1.
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Table 1. Results on real-world networks

Execution time (s)
g Peacock:
o) combined algorithm
: ozl g | g8 :
z w =z = 5
> O [ e} 3
(@) (@) § > - 3 a
- R - Q
netscience 20 379 914 13| 029 03% 065 09 0J0B06
cond-mat-2003 1827519(116181 1127| 1134| 1088 | 82.8/10.8|24.1| 3.71
blogs 28| 3982 | 6803| 6.5/ 3.05 5.28 6.72.15/0.43|0.32
blogs2 28| 30557| 82301| 294| 415 289 86/39.8 | 33.9 =«
PGP 4| 10680 24316| 83 | 3474589.8 | 18.6/ 4.62| 2.66| 0.90
email 14| 1133 | 5451| 30.2 4.00 32.6 4.00.61|0.45/0.24
word_association | 24 7205 | 31784 175 96.5 176 33.2.47|6.49|1.78
protein-protein 24 2445 | 6265| 8.6 2.7% 7.56 4.82.00/0.41| o«

We use modularity@,,) here to evaluate solutions on real-world netwotkse
belonging coefficient of each vertex is set to, Wherec is the number of com-
munities it belongs to; i.e., vertices belong elyul all communities they are in.

Fig. 10 shows the modularity of the eight netwoligsed in Table 1. “net-
science” and “cond-mat-2003” are collaboration mets of coauthorships, of dif-
ferent sizes. Peacock+PL finds the solutions whth highest modularity, over a
certain range; otherwise, the best results areirmitaby Peacock+CNM. Both
give a higher modularity than CONGA. CFinder firgksveral solutions, one of
which has a slightly higher modularity than theesthlgorithms.

“blogs” and “blogs2” are networks of communicatiogiationships between
owners of blogs on the MSN (Windows Live™) Spacezbsite. “blogs2” is
much larger than “blogs” and has a higher averaggek. “PGP” and “email” are
other social networks representing PGP key sigaimg) email, respectively. For
all four networks, the story is the same as fort$oience” and “cond-mat-2003";
Peacock+PL gives the best results over a certageraPeacock+CNM gives con-
sistently good results, and both perform betten tG®NGA. For the “blogs” net-
work, Peacock+WT also does well.

The last two, “word_association” and “protein_piote are non-social net-
works, from psychology and biology, respectivelgtthfrom [24]. For the first of
these, Peacock+PL finds a higher-modularity sotutitmn CONGA, but not quite
as good as CFinder's best solution. For the sed®@aock+PL finds even better
solutions than CFinder’s best, while Peacock+CNsb gerforms well.
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Fig. 10. Modularity of real-world networks. Theaxis shows th€,, modularity.

5 Conclusions

We have proposed a novel, two-phase, approachtéctdey overlapping commu-
nities in networks. In principle, this is attraaibecause it separates the “overlap-
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ping” and “community detection” issues, allowingetbest algorithm to be se-
lected for each phase. For the first phase, we pagsented the Peacock algo-
rithm, based on the “split betweenness” principihile the CONGA algorithm
uses the betweenness principle for both overlappimd) community detection,
Peacock uses it only for the former. Interestingig local form of betweenness
[13] works better in Peacock than it does in CONGAggesting that our ap-
proach should yield good execution speed.

The results reported in Section 4 seem to confira dur approach is viable. In
terms of solution quality, the two-phase algorittvorks well, especially with the
CNM or PL algorithm as the second phase. In mos¢sathese combined algo-
rithms outperform the two specialized “overlappit@D algorithms.

Concerning execution time, for the small networkeven in Table 1, the time
for the combined algorithms is dominated by thecBek phase, whose execution
time is similar to CONGA'’s, while CFinder’s exeauti time is usually better but
sometimes worse. For larger networks, as Fig. Wwsh@Finder's execution time
increases rapidly with network size, while the tifoe the 2-phase algorithm be-
comes dominated by the second (community detecpbase. The time for the
Peacock phase, as for CONGA, increases almostlyneith size. For large net-
works, most of the total execution time is occugigdhe CD phase, unless this is
done by the (fast) WT algorithm. The time for thB @hase varies according to
the algorithm used, but will always be longer tfi@ndetecting disjoint communi-
ties, because the algorithm needs to processritper]aransformed, network.

Future work includes evaluating the Peacock albgoriin conjunction with
even more disjoint CD algorithms, including thokatthave yet to be designed.
The implementation of the Peacock algorithm, incigdits postprocessor, is
available at http://www.cs.bris.ac.uk/~steve/neksbr
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