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IDLE: A Novel Approach to Improving Overlapping Community
Detection in Complex Networks

Rathna Senthil

(ABSTRACT)

Complex systems in areas such as biology, physics, social science, and technology are extensively
modeled as networks due to the rich set of tools available for their study and analysis. In such
networks, groups of nodes that correspond to functional units or those that share some common
attributes result in densely connected structures called communities. Community formation is an
inherent process, and it is not easy to detect these structures because of the complex ways in which
components of these systems interact.

Detecting communities in complex networks is important because it helps us to understand
their internal dynamics better, thereby leading to significant insights into the underlying systems.
Overlapping communities are formed when nodes in the network simultaneously belong to more
than one community, and it has been shown that most real networks naturally contain such an over-
lapping community structure. In this thesis, I introduce a new approach to overlapping community
detection called IDLE that incorporates ideas from another interesting problem: the identification
of influential spreaders. Influential spreaders are nodes that play an important role in the propa-
gation of information or diseases in networks. Research suggests that the main core identified by
k-core decomposition techniques are the most influential spreaders. In my approach, I use these
k-cores as candidate seeds for local community detection. Following a well-defined seed selection
process, IDLE builds and prunes their corresponding local communities. It then augments the
resulting local communities and puts them together to obtain the global overlapping community
structure of the network.

My approach improves on the current local community detection techniques, because they use
either random nodes or maximal k-cliques as seeds, and they do not focus explicitly on detecting
overlapping nodes in the network. Hence their results can be significantly improved in building
ground-truth overlapping communities. The results of my experiments on real and synthetic net-
works indicate that IDLE results in enhanced overlapping community detection and thereby a
better identification of overlapping nodes that could be important or influential components in the
underlying system.



IDLE: A Novel Approach to Improving Overlapping Community
Detection in Complex Networks

Rathna Senthil

(GENERAL AUDIENCE ABSTRACT)

Complex systems in areas such as biology, physics, social science, and technology are commonly
represented as networks due to the rich set of tools available for their study and analysis. Some
examples of such complex networks are protein interaction networks, collaboration networks, social
networks, network of telephone interactions, and the World Wide Web. The nodes in these networks
represent entities in the system and the edges between them represent interactions or associations.
In such networks, groups of nodes that share dense internal connections(edges) among themselves
and sparse external connections with the rest of the network form communities. Community de-
tection is the process of identifying such node clusters which could correspond to a functional unit
or could be the result of assortative mixing of entities in the underlying system.

Overlapping community detection is the process of identifying communities where nodes in
the network can belong to more than one community. In this thesis, I introduce a new approach
to overlapping community detection called IDLE that incorporates ideas from another interesting
problem: identification of the most influential nodes in a network. These are the nodes that play
an important role in the propagation of information or diseases in networks. In my approach, I use
these influential nodes as seeds for local community detection. Starting from multiple seed nodes,
local communities are discovered until the entire network is covered. IDLE also distinguishes nodes
as core nodes and overlapping nodes as it progresses, and this is found to result in a better detection
of overlapping communities.

Identifying overlapping communities and, in turn, overlapping nodes in networks would uncover
a wealth of information about the underlying complex systems. In spite of a number of challenges,
many overlapping community detection techniques have been developed, motivated by the prospect
of valuable insights one can get from this analysis. The results of my experiments on real and
synthetic networks indicate that IDLE results in enhanced overlapping community detection and
thereby a better identification of overlapping nodes that could be important or influential entities
in the underlying system.
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Chapter 1

Introduction

1.1 Motivation

Many systems in areas as diverse as physics, biology, social science, and technology, among others,
are modeled as networks because of their relative ease of analysis. Some examples of such complex
networks are collaboration networks [10, 23, 53], metabolic networks [32, 71], protein interaction
networks [31, 69], network of telephone interactions [3, 39], and the World Wide Web [9, 15, 36].
The structure and properties of complex networks are studied extensively by Watts [72], Strogatz
[67], Barabási [5], Dorogovtsev and Mendes [25], and Newman [54], among others. These networks
are subjected to both theoretical and empirical analysis to understand their properties. In addition
to the other important properties of complex networks like the small-world effect [50], power-law
degree distribution [4], and high clustering coefficient, the tendency of nodes in these networks to
form community structures, groups of nodes with dense internal connections and sparse connections
with the rest of the network, is also studied.

Intuitively, a community is defined as a group of nodes that share dense internal connections
(among themselves) and sparse external connections (with the rest of the network). A community
could correspond to a functional unit or could be the result of assortative mixing of entities in the
underlying system [54]. The community structure of a network is considered overlapping if some
nodes in the network simultaneously belong to more than one community. Clustering, in general,
is the process of grouping entities based on a similarity measure such that entities within a cluster
are similar to each other and entities from different clusters are dissimilar. Community detection
or graph clustering is the process of identifying clusters or communities of nodes such that nodes
belonging to the same cluster have a lot of in-cluster edges and nodes from different clusters have
fewer between-cluster edges [24].

The study of complex networks is a multidisciplinary domain with a rich variety of problems to
solve, and one interesting and important problem is the detection of community structures in them.
The problem is interesting because even after over a decade of research, we do not have a precise
technique that can uncover the community structure in a network absolutely. It is also important
because detecting communities in a network helps one understand their structural properties better.
Since the structure of a network models the interaction patterns between entities, understanding
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this in turn helps one uncover any one-to-one mapping between structure of the modules and their
functions in the underlying systems. This results in significant insights that have wide applications
in information or disease spread, effective immunization, and word-of-mouth marketing, to name a
few.

Community detection in complex networks is difficult for a variety of reasons. Communities
are not isolated structures, and entities in the system undergo various interactions resulting in a
complicated community structure in the network. The difficulty is compounded by the fact that
these entities may belong to multiple communities simultaneously. When nodes belong to over-
lapping regions, they share a good number of edges with all the communities they are assigned
to, thereby posing a threat to our definition of communities, which requires sparse external con-
nections of nodes. In addition to this, real-world complex networks may contain millions of nodes
and billions of edges, and this renders a number of solutions to these problems computationally
intractable. Other challenges here include the lack of good visualization techniques for large graphs
and the lack of adequate validation techniques to understand the performance of many overlapping
community detection algorithms on real networks.

In spite of the above mentioned difficulties, many overlapping community detection techniques
have been developed, motivated by the prospect of valuable insights one can get from the analysis
of these networks. One example of this is the analysis of a large Belgian mobile phone network
described in Lambiotte et al. [39] and Blondel et al. [13]. Blondel et al. [13] apply their community
detection algorithm on this network, and the analysis of communities uncovered by this technique
reveals the linguistic homogeneity of people within communities in the bilingual society of Belgium.
Such analyses further help in understanding factors that influence social cohesion and the poten-
tial fragility of a society. Another well-known example is the analysis carried out on Zachary’s
Karate Club network from Zachary [76] shown in Figure 1.1. Application of community detection
techniques on this network reveals two communities (shown in blue and red). On analysis, these
are found to correspond to the two clubs that resulted from the fission of a university karate club.
Being able to identify overlapping communities and, in turn, overlapping nodes in networks would
uncover a wealth of information about the underlying complex systems. There are many such
examples that motivate researchers to focus on the problem of overlapping community detection in
complex networks.

1.2 Problem

It has been observed that nodes in complex networks belong to multiple communities simultane-
ously, resulting in an overlapping community structure in the network, as first pointed out by Palla
et al. [57]. Detecting overlapping communities adds another dimension to community structure
analysis since the detected overlapping nodes could correspond to important or influential entities
in the system. There are many techniques proposed for overlapping community detection based
on different approaches like link partitioning, local expansion and optimization, clique percolation,
and agent-based detection, to name a few. However, the performances of these algorithms as shown
in Xie et al. [73] can be significantly improved in detecting both global overlapping community
structure as well as individual overlapping nodes and their memberships.
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Figure 1.1: Zachary’s Karate Club Network showing the two communities in blue and red

Most of these algorithms do not focus on explicitly detecting overlapping nodes in complex
networks, and this affects their performance on networks where such nodes belong to many com-
munities (more than 2). As a result, most of the algorithms either overdetect or underdetect the
overlapping regions in community structures. There is a need for an algorithm that detects the
overlapping community structure in the network as close to the original community structure as
possible even when the network contains high overlapping density (many overlapping nodes) and
high overlapping diversity (many communities per overlapping node). The algorithm should be
able to detect as many overlapping nodes as possible along with their community assignments.

To achieve this, I propose the algorithm IDLE (improved detection using local expansion),
which is a local expansion and optimization based technique for overlapping community detection
in complex networks. In this, I explore the idea of taking advantage of the general properties of
overlapping nodes in a network to better detect the complete overlapping community structure
of the network. To begin with, IDLE uses an interesting idea from influential spreader research
to identify nodes that can be used as seeds for local community detection. These nodes, whose
natural communities are to be constructed, are identified by performing k-core decomposition of the
original network. The algorithm combines an efficient expansion technique with pruning to identify
natural communities of seeds. The key feature that distinguishes IDLE from the other algorithms
is that it explicitly focuses on detecting overlapping nodes and their community memberships as
it progresses. As a result, it shows improved performance in detecting overlapping communities in
both synthetic and real networks. This thesis also presents a systematic study of modularity-based
evaluation techniques on real networks, to identify the most relevant measure to report results.
This approach has not been explored in earlier studies, and hence it serves as a value addition.
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1.3 Reader’s Guide

The paper is organized as follows. Chapter 2 introduces the preliminaries required to understand
the remainder of this thesis. Chapter 3 provides a literature review of the work conducted in the
area of complex networks along with a brief survey of the other overlapping community detection
techniques. Chapter 4 contains a detailed account of my algorithm IDLE along with pseudocode
for different modules. Chapter 5 discusses the experiments conducted using IDLE and two other
algorithms that are considered state-of-the-art in overlapping community detection. The results
obtained on both synthetic and real networks are also presented here. Chapter 6 concludes the
thesis with directions for future work.
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Chapter 2

Preliminaries

Complex networks are large graphs, G = (V,E,W ), whose nodes V represent entities in the system
and edges E model associations or interactions. The edges can be directed or undirected, depending
on the association between entities: unidirectional associations are represented as directed edges and
bidirectional associations as undirected ones. The terms graph and network are interchangeably
used in this context. The edges sometimes carry weights W that quantify the strength of the
corresponding connections. Most of the analysis techniques that are applied to weighted graphs
can also be applied to unweighted ones, since the edges in unweighted graphs are usually assumed
to carry a weight equal to 1. IDLE is designed to work on both weighted and unweighted networks.

A clique is a complete subgraph in a network, i.e., a subgraph in which every node is connected
to every other node in the subgraph by an edge. A k-clique is a clique containing k nodes. A
maximal clique is a complete subgraph that is not contained in a larger clique. A maximal clique is
also called the maximum clique if it is the largest clique in the given network. Bron and Kerbosch
[16] present an algorithm to list all the maximal cliques in an undirected graph. Though there
are up to 3

n
3 maximal cliques in a graph with n nodes, as pointed out by Tomita et al. [68], their

algorithm is shown to run very fast in practice. Also, finding maximal cliques in a sufficiently sparse
graph is scalable, and it does not add an overhead when applied on synthetic and real networks
[43].

A community is defined as a set of nodes that are densely connected among themselves and
sparsely connected to the rest of the network. Most community detection algorithms for complex
networks are focused on detecting non-overlapping communities, resulting in a partition P of V in
which each node in the network belongs to only one community, that is,

P = {c1, c2, ..., ck},

where ci ∩ cj = ∅ for any two communities ci and cj in P . Figure 2.1 illustrates the partition of a
network into three communities. Each node in the network belongs to a single community and the
entire network is parititioned into three communities shown in three different colors.

In the case of overlapping communities, where a node can belong to more than one community,
the set of communities found form a cover C, that is,
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Figure 2.1: Partition of a network showing three communities. The nodes in the different commu-
nities are shown in different colors.

C = {c1, c2, ..., ck},

where any elements of ci ∩ cj are overlapping nodes. Figure 2.2 illustrates the cover obtained for
a network containing three communities. Two communities in this cover overlap with a single
overlapping node lying in the overlapping region. This node is shown in black in Figure 2.2.

In a cover, community assignments to nodes can be of one of two types, fuzzy [28] or crisp. A
fuzzy assignment involves soft membership, i.e., a node’s assignment to a community is associated
with a belonging factor that quantifies the strength of this assignment. For each node, the sum of
all its belonging factors is equal to 1. In a crisp assignment, the assignments are binary, i.e., a node
either belongs to a community or does not. Most overlapping community detection algorithms,
including IDLE, produce crisp assignments.

Modularity was introduced by Newman and Girvan [55] as a measure of quality of a network
partition. It quantifies community strength by comparing the fraction of edges within the com-
munity with such fraction when random connections between the nodes are made. Let A be the
adjacency matrix representation of graph G. If G is unweighted, Auv contains value 1 if there is an
edge between nodes u and v, and 0 otherwise. If G is a weighted graph, Auv contains the weight
of the edge between nodes u and v. Given A, the total number or weight of internal edges in a
community c, |Einc |, is defined as

|Einc | =
∑

u∈c,v∈c
Auv.

The total number or weight of external edges from the nodes in a community c, |Eoutc |, is defined
as

|Eoutc | =
∑

u∈c,v /∈c

Auv.

The total number or weight of edges in the entire network, |E|, is straightforward:

|E| =
∑
uv

Auv.

6



Figure 2.2: Cover obtained for a network containing three communities. The nodes in the different
communities are shown in different colors. There is a single overlapping node shown in black that
belongs to two communities simultaneously.

Using these, modularity Q of a partition of G is expressed as

Q =
∑

c∈C

[
|Einc |
|E|

−
(

2|Einc |+ |Eoutc |
2|E|

)2
]
,

where C is the set of communities in the partition. There is an equivalent formulation for modularity
that is commonly used in literature. For any node u in G, its degree is the total number or weight
of edges that are incident on it. For any two nodes u and v in G, if cu and cv are their respective
communities in a partition, the Kronecker delta δcu,cv is equal to 1 if cu = cv, and 0 otherwise.
That is, δcu,cv is equal to 1 only if both u and v are assigned to the same community. Using these,
modularity is also expressed as

Q =
1

2m

∑
uv

[
Auv −

kukv
2m

]
δcu,cv ,

where m is the sum of weights of all edges in the network (which is nothing but |E|). Modularity
takes values between -1 and 1, and a larger value indicates a better partition of the network.
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Chapter 3

Related Work

One of the most cited papers in the area of complex networks research is Newman [54]. It is one
of the earliest papers that was published when complex networks research was in its nascent stage,
and its popularity can be attributed to its exhaustivity as well as its time of publication. Complex
networks represent a multidisciplinary area, and Newman [54] distinctly shows the contributions
made to this area from researchers in different domains such as biology, physics, social studies,
technology, and information. Being a review article, this paper clearly walks the reader through
the following: how complex systems are modeled as networks; the components of complex networks;
and the properties that are characteristic of such networks. Most of the material in this paper is
focused on reviewing the various mathematical models that are developed for complex networks,
starting from the simple and elegant Erdos-Renyi random graph models to the more complex and
meaningful preferential attachment models. Understanding how these models were developed one
after another not only helps the reader understand and appreciate the progress made in complex
networks research, but also gives him a better idea about the structure and functions of these
networks in general. In addition to the structural models that are discussed, the paper also reviews
some of the well-known models for epidemiological processes taking place in complex networks. The
paper concludes with a list of significant research problems in the study of complex networks, some
of which still remain as open problems. Overall, this paper served as a guide for the fundamentals
of complex networks that I needed to understand before starting research in this area.

In complex networks, communities are formed by groups of nodes that correspond to functional
units, or those that share some common attributes. Newman [54] introduces the problem of com-
munity detection and its importance, but he does not go into details of the complexities involved in
community detection in these networks in this paper. The idea behind several community detection
techniques is to find a partition of the network such that the size of the cut is minimized. Find-
ing the optimal partition is NP-hard, and hence several appromixation algorithms are proposed
for this problem. Spectral partitioning techniques were proposed as a way of approximating the
normalized cut or conductance using the normalized Laplacian of a network [65]. In [55], Newman
and Girvan introduce a partition quality measure called modularity and discuss betweenness-based
approaches for finding partitions of networks. A random walker on complex networks is believed to
get ”trapped” into densely connected subgraphs corresponding to communities and this intuition
has been used in many random walks based community detection techniques [58, 70]. Several other
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techniques have also been proposed for community detection in literature.

An early paper in the area of community detection is Palla et al. [57], which introduces the
problem of detecting overlapping community structures. This paper explains that communities in
networks are not necessarily separate subgraphs but can be overlapping cohesive groups of nodes.
The authors describe the various studies they had conducted, which led to their understanding of
the nature of overlapping communities in complex networks. To solve the problem of detecting
overlapping communities, the authors introduce terms such as membership number, overlap size,
and community degree. Using these, they propose a clique percolation based algorithm to detect
overlapping communities. The algorithm produces promising results on small graphs with overlap-
ping community structures in them. However, the exponential time complexity of their algorithm
forbids its application to complex networks of hundreds of millions of nodes and billions of edges.

The concept of overlapping community structures in turn opens up an array of related problems
in complex networks. Further research in this area revealed that networks often show a hierarchical
organization, with communities embedded within other communities. To detect communities well,
we need an algorithm that can efficiently detect both overlapping and hierarchical community
structures in complex networks. Lancichinetti et al. [41] presents the first algorithm that does
this. Similar to the idea of Baumes et al. [12], the basic assumption behind this algorithm is
that communities are essentially local structures that are built around sets of seed nodes, resulting
in overlapping subgraphs. The authors propose a local community detection technique based on
the maximization of a fitness function with tunable parameters. This fitness function determines
whether a node should be included in the current local community that is being explored, and
the tunable parameters determine the scale of detected local communities. The efficiency of this
algorithm is dependent on the sparsity of large networks, where each node is not connected to most
of the other nodes in the network. The authors reveal that it is enough to select a few random seed
nodes in the graph and determine their natural communities. Putting these natural communities
together in turn results in the required overlapping community structure of the network. This paper
also extends the NMI (normalized mutual information) to compare the built-in modular structure
of networks with the results of overlapping community detection algorithms. I have used this NMI
as one of the measures to capture the performance of different algorithms in Chapter 5.

An overlapping community detection technique that is very close to [41] is introduced in Lee
et al. [43]. This technique, called GCE (greedy clique expansion), uses the nodes in maximal
cliques of size at least k as seed nodes. The seeds are then subject to a greedy expansion resulting
in local communities. Lee et al. [43] use the same fitness function as [41] for greedy expansion.
However, they improve the performance of GCE by optimally removing duplicate communities.
They also employ other useful optimization techniques that improve the efficiency of their method.
Though this method is observed to perform well on many networks containing hidden overlapping
communities, its performance deteriorates when there is an increase in the degrees of nodes.

An extensive and most recent survey of overlapping community detection techniques is con-
ducted by Xie et al. [73]. Fourteen different overlapping community detection techniques of dif-
ferent types, such as clique percolation, link partitioning, local expansion and optimization, fuzzy
detection, and agent-based detection, are evaluated on real and synthetic benchmark graphs. Their
performance is measured using NMI and Omega index [21], and an overall final rank is deter-
mined. The evaluation techniques in this paper can be used to compare the performance of any
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new overlapping community detection algorithm with the existing ones. I have conducted exper-
iments similar to the ones presented in [73] to compare the performance of IDLE with two of the
current state-of-the-art algorithms.

Another important problem in the study of complex networks is the identification of influential
spreaders. Influential spreaders are nodes that play an important role in the propagation of infor-
mation or diseases in these networks. Newman [54] introduced some models used in the study of
epidemiological processes in complex networks, but it did not discuss influential spreaders. Kitsak
et al. [35] is an important milestone in the research of influential spreaders. It is generally believed
that the most connected people are the key influential spreaders in a network. But this paper proves
that the topology of the network organization plays an important role and that the nodes in the
core of the network identified by k-core decomposition analysis are the most efficient spreaders. The
authors conduct experiments to compare spreading, when seed nodes are high degree nodes versus
high k-core nodes, and present experimental results to clearly show that spreading is increased
when one starts from the high k-core nodes. Since these nodes form the core of the network, they
also result in better initial communities when used as seed nodes in IDLE and, in turn, an efficient
coverage of the network.

Blondel et al. [13] introduce a heuristic-based modularity optimization algorithm, now called
the Louvain method, for efficient community detection in complex networks. Modularity is an
important measure that is often used to gauge the quality of partitions resulting from commu-
nity detection techniques. The Louvain method is a two-pass algorithm to determine community
structure in large networks, based on modularity optimization. Though this algorithm does not
detect overlapping communities, it is faster than all other known community detection methods in
terms of computation time. It first enabled the algorithmic analysis of complex networks of mag-
nitudes that could not be analyzed earlier due to computational costs. The authors also describe
the application of this algorithm to a large mobile communication network of over 2 million nodes
and 38 million edges, to convey how the analysis of such large networks becomes feasible with the
use of their algorithm. The Louvain method is one of the fastest known techniques for disjoint
community detection in complex networks, and I have used the Louvain partition of networks to
compare results in my experiments in Chapter 5.

10



Chapter 4

Improved Detection Using Local
Expansion

There have been many methods proposed for detecting overlapping communities in complex net-
works. Each of these methods falls under one of the broad categories as discussed in Chapter 3.
From a survey of 14 of these algorithms conducted by Xie et al. [73], we see that there is room
for significant improvement in the quality of detection, especially when the difficulty of the detec-
tion task increases (i.e., when the overlapping nodes belong to a large number of communities).
As a consequence, most of these techniques do not accurately detect all the overlapping nodes in
the network. In an attempt to improve detection capability, I propose a method for better and
faster overlapping community detection called IDLE (improved detection using local expansion).
As the name suggests, IDLE is a local expansion and optimization based technique for community
detection. It is primarily designed for undirected networks and can be applied to both weighted
and unweighted networks. In this chapter, I discuss different components of the proposed method,
along with details about their complexities and optimizations wherever applicable. I supplement
these sections with relevant pseudocode for the modules.

4.1 Seeds Selection

Since IDLE is a local expansion technique, the first step is selection of seeds that will eventually
be used to construct local communities. As observed by some local expansion techniques discussed
in Chapter 3, I believe that the quality of communities detected depends on the quality of seeds
selected for local expansion. This is true because the final overlapping community structure that
the algorithm develops depends on the natural communities of these selected seeds. To ensure that
the seeds we select for local expansion result in meaningful communities, I adopt an idea from
influential spreader research.

From Kitsak et al. [35], we know that nodes in the core of the network, identified using the
k-core decomposition technique, are the most influential spreaders. Our approach is based on the
hypothesis that these nodes will also serve as the best seeds for overlapping community detection.
In IDLE, we first perform a k-core decomposition of the graph. This k-core decomposition is an
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elegant technique, first introduced in Seidman [62], that reveals the structure of a graph based on
the connectivity of nodes and their degrees. Given a graph G = (V,E), we start with the minimum
possible value for k and iteratively delete all the nodes of degree less than k along with their incident
edges. The remaining graph is the k-core. We continue this for increasing values of k until no nodes
remain in the graph. At the end of the procedure, the nodes in the network are assigned to their
k-cores based on degree and structure, and nodes that belong to the highest k-core form the main
core of the graph. The properties of these cores along with an efficient algorithm to perform k-core
decomposition of a graph is discussed in Batagelj and Zaversnik [11]. All nodes in a given k-core
have degree greater than or equal to k. In general, the k-cores are larger for small values of k, and
they diminish in size as the value of k increases.

Figure 4.1: The result of applying k-core decomposition on Zachary’s Karate Club Network. The
legend on the right shows the colors corresponding to different k values. On the left, the range of
degrees of the nodes is shown. This visualization was created using the LaNet-vi tool [1, 6].

Figure 4.1 shows the result of k-core decomposition performed on Zachary’s Karate Club net-
work [76]. The actual network with its ground-truth communities is shown in Figure 1.1. Here,
dark colored nodes (corresponding to k=4) constitute the main core of the network. The size of
the nodes represent their degrees in the graph. We see that the high k-core nodes are also the
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ones with higher degrees in this case. Table 4.1 shows the nodes (identified by node numbers used
in Figure 1.1) in the karate club network grouped according to their corresponding k-core values
and degrees. This gives the reader an idea about the relation between degrees and k-core values of
nodes, the relative size of k-cores in the network, and the attributes of the most influential nodes
(node 0 and node 33) in this network.

Table 4.1: Table showing the nodes in Zachary’s Karate Club network grouped according to their
k-core values and degrees

k 4 3 2 1

Degree 17 16 12 10 9 6 5 4 6 5 4 3 2 1

Nodes 33 0 32 2 1 3 8,13 7,30 31 23 5,6,27,29 4,10,19,
24,25,28

9,12,14,
15,16,17,
18,20,21,
22,26

11

Figure 4.2: The result of applying k-core decomposition on an LFR benchmark network, defined
in Section 5.1.1, containing 5000 nodes. The legend on the right shows the colors corresponding to
different k values. On the left, the range of degrees of the nodes is shown. This visualization was
created using the LaNet-vi tool [1, 6].

Figure 4.2 shows the result of k-core decomposition performed on an LFR benchmark graph
[42] using the Large Networks Visualization tool [1, 6]. This is a relatively large network with 5000
nodes containing overlapping communities of size ranging from 10 to 50 nodes each. Each ring
shown in the figure corresponds to a different k-core of the network. As mentioned, we see that the
size of k-cores decreases with increasing values of k. From the distribution of the sizes of nodes in
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Figure 4.2, we also observe that nodes with high degrees are distributed in different k-cores. Figure
4.3 shows the pseudocode for k-core decomposition, in its naive implementation, to give the reader
an overview of the technique. There is a more efficient implementation for k-core decomposition
discussed in Batagelj and Zaversnik [11], and we use this version in IDLE.

Figure 4.3 Algorithm K-CORE DECOMPOSITION

Input: G(V, E), graph representation of the complex network with |V | nodes and |E| edges
Output: core, an array containing the k-core value for each node, in its corresponding index
1: for i ← 1 to |V | do
2: degree[i]← degree of node i in G
3: core[i]← −1 . Initialize k-core value for all nodes to -1
4: end for
5: count← |V |
6: k ← min(degree[ ]) . The least possible value for k is the lowest degree
7: while count > 0 do
8: flag ← 0
9: for each node v ∈ V do

10: if degree[v] ≤ k and core[v] == -1 then . If node has degree ≤ k and has no k-core
value

11: core[v]← k
12: for each node u ∈ Neighbors(v) do
13: if core[u] == -1 then
14: degree[u]← degree[u] - 1
15: end if
16: end for
17: count← count - 1 . One more node has been assigned its k-core value
18: flag ← 1
19: end if
20: end for
21: if flag == 0 then
22: k ← k + 1 . If no more nodes can belong to current k, increment k by 1
23: end if
24: end while
25: return core

At the end of k-core decomposition of the network, each node has an associated k-core value.
IDLE starts by picking seeds, one at a time, for local expansion, starting from the highest k-core
arranged in decreasing order of degrees. We sort nodes in this order, because this helps in arranging
nodes in decreasing order of influence within a given k-core. It makes sure that the next seed that is
selected is not contained in any of the communities constructed earlier. This helps in handling the
issue of removing duplicate communities discussed in Lee et al. [43] better, and this also contributes
to the efficiency of IDLE. It is possible that there are some nodes that are still not assigned to any
communities after we have expanded qualifying seeds in the main core. To handle such cases, IDLE
repeats this seed selection and expansion process on nodes in lower k-cores until all the nodes in the
graph are covered in at least one local community. This idea of picking seeds from the lower k-cores
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is justified because we cannot assume all communities in the network have the same size and the
same internal structure. This idea helps us to detect communities of all scales and contributes to
the accuracy of the results. Like other local expansion techniques, IDLE also does not require a
user to specify the number of communities in the network in advance.

In terms of complexity, the seed selection process involves two major steps: sorting nodes in
decreasing order of degrees and k-core decomposition. In [11], Batagelj and Zaversnik present an
efficient algorithm with complexity O(|E|) for k-core decomposition of a graph. Therefore, the worst
case time complexity of this step is O(|V | log |V |) for sorting plus O(|E|) for k-core decomposition
and the selection of seeds from V nodes in the network.

4.2 Fitness Function

The next step after seed selection is local expansion where IDLE constructs a community around
the seed node. Before I discuss the process of local expansion, I would like to introduce the fitness
function [41] that plays an integral role in this step. Local expansion is usually carried out by
optimizing an objective function that reflects the community property: dense internal connections
(between nodes in the community) and sparse external connections (with nodes in the rest of the
network). A fitness function is also referred to as a weight function [12] or local density function.
Such a fitness function is designed to measure the goodness of communities, and one aims at either
minimizing or maximizing it in the process of detecting good communities.

Conductance is one of the earliest [66] and widely adopted [48, 33] measures for quality of
communities. It is also called the normalized cut metric [65]. Consider a graph G = (V,E,W ) with
adjacency matrix A. In the case of an unweighted graph, Auv contains 1 if there is an edge between
nodes u and v, and 0 otherwise. In the case of weighted networks, Auv contains the weight of the
edge between u and v, if it exists, and 0 otherwise. As we know, V and E represent the set of
nodes and edges in the graph respectively, and W is the set of weights of the edges in E. Consider
a set S ⊂ V . The volume of set S is defined as

vol(S) = vol(S, V ) =
∑
u∈S

∑
v∈V

Auv.

That is, the volume of a set equals the sum of weighted degrees of nodes in the set. In other words,
it is equal to the sum of weights of external edges plus twice the total weight of all the internal
edges attached to the nodes in it. This idea can be extended to find the volume between two sets
S1 and S2 (S1 ⊂ V and S2 ⊂ V ) by substituting S1 and S2 for S and V . The volume between sets
S1 and S2 is defined as

vol(S1, S2) =
∑
u∈S1

∑
v∈S2

Auv.

From its definition, we understand that this measures the total weight of edges with one end in set
S1 and the other end in set S2. Assuming that S is a community identified in the network, and S̄
is the set of nodes not present in S but in V , vol(S, S̄) is the total weight of external connections
of the community S. Lucas et al. [33] mention this as the surface area of the boundary between a

15



community and the rest of the network. Using these, the conductance of a set S is defined to be

Conductance, φ(S) =
vol(S, S̄)

min(vol(S), vol(S̄))
.

Conductance measures the ratio of the capacity of external connections of a community to the
total capacity of nodes in that community. For a good community, we expect external connections
to be much sparser than the internal ones. Hence, the lower the value of its conductance, the
better is the quality of the community. Conductance is closely related to edge expansion and
approximation algorithms for minimizing these quantities are discussed by Leighton and Rao [44]
and Arora et al. [7].

Many local expansion techniques [12, 41, 43, 29] use the following fitness function F or its
variant:

F (S) =
kSin

(kSin + kSout)
ρ .

Here, kSin is equal to twice the sum of weights of edges between nodes in the community, and kSout
is the sum of weights of edges with one end in the community and the other end in the rest of
the network. The quantities kSin and kSout are also called the total internal and external degrees
of the nodes of the community respectively. The value ρ is a positive real-valued number called
the resolution parameter. By varying the value of ρ, one can explore communities at different
scales, thereby resulting in a hierarchical community structure. The function F measures the ratio
of the total internal degrees of a community to the total degrees of nodes in that community.
For a good community, we expect internal connections to be much denser than the external ones.
Hence, the higher the value of this fitness function, the better the communities. Results from the
comparative study in [73] suggest that a greedy local optimization of this fitness function produces
good communities, and it can be verified from the high ranks assigned to these techniques. In
this thesis, I focus on detecting overlapping communities in the networks at a natural scale. This
corresponds to using the default recommended value for ρ, which is 1. Hence the fitness function
is simply

f(S) =
kSin

kSin + kSout
.

We use F (S) and f(S) to differentiate the two in our discussions.

My initial choice for a fitness function was conductance, because of its already proved usefulness
validated by its wide adoption. During experiments, I noted the complementary nature of φ(S)
and f(S). Due to the inherent sparsity of real-world complex networks, nodes in this network will
not be directly connected to the majority of them in the rest of the network. Hence one can safely
assume that the volume of a community S is smaller than the volume of the rest of the network S̄.

Therefore, assuming vol(S) ≤ vol(S̄),

φ(S) =
vol(S, S̄)

vol(S)
.

Since vol(S) is the the sum of weighted degrees of nodes in the set, it can be expressed as the sum
of internal and external degrees of nodes in it. This implies

vol(S) = kSin + kSout.
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Also, vol(S, S̄) is nothing but the total external degrees of nodes in S, that is,

vol(S, S̄) = kSout.

Putting together the new expressions for volumes involved, we obtain

φ(S) =
kSout

kSin + kSout

φ(S) = 1− kSin
kSin + kSout

φ(S) = 1− f(S).

Hence, maximizing conductance is equivalent to minimizing f(S).

The community that gives the maximum value for f(S) gives the minimum value for φ(S). This
implies that when we start from the same seed, maximizing f(S) and minimizing φ(S) result in the
same community. Though IDLE does not focus on detecting hierarchical community structure at
this point, I believe that it will definitely be considered for future work. Since the addition of the
resolution parameter to f(S) results in F (S) that has been well explored, this serves as an added
advantage when one considers multi-scale overlapping community detection. Keeping this in mind,
the fitness function I choose for local expansion in IDLE is

f(S) =
kSin

kSin + kSout
.

4.3 Local Expansion

Once a seed has been selected and IDLE has ensured that it has not been covered in any of
the communities built so far, the next step is to perform local expansion around this seed. Local
expansion is the process of building the natural community of a given seed. As discussed in Section
4.2, this is achieved by putting nodes from the neighborhood that optimize a fitness function into
the community. In this section, I discuss the steps involved in performing a local expansion.

Before the details of local expansion are described, I introduce the 1-neighborhood of a commu-
nity. The is also referred to as its frontier. The 1-neighborhood of a community is the set of nodes
that do not belong to the community, but have an edge from the nodes in the community. This
1-neighborhood can be visualized as a hypothetical band around a community containing all the
nodes that have any connections with the nodes inside the community. For every seed node that is
selected, IDLE constructs its initial community. The initial community of a seed is constructed as
follows: IDLE finds the subgraph, say H, induced by the seed node s along with its neighbors; it
lists the maximal cliques contained in H using algorithms discussed in Bron and Kerbosch [16] and
Tomita et al. [68]; it then returns the largest maximal clique from this list as the initial community.
IDLE then computes the value of fitness of this initial community, along with its 1-neighborhood.
A 1-neighborhood reveals an important property of the selected seed node that will be discussed
later in this section.
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IDLE proceeds to perform a greedy maximization of the fitness function f(S) discussed in
Section 4.2 by selecting a single node v from the 1-neighborhood that causes the maximum increase
in f(S). A series of steps follow: the selected node v is added to the community; since v now belongs
to the community, it is removed from the 1-neighborhood of the community; the 1-neighborhood
is further updated by adding the neighbors of v to it. All these result in an expansion of the local
community and the corresponding 1-neighborhood. IDLE repeats this process until the point when
the addition of a new node to the community does not cause an increase in the fitness function.
At this point, it stops local expansion and proceeds to prune the newly formed community. This
process of pruning will be discussed in detail in Section 4.4.

I would like to discuss an important feature of IDLE that separates it from the other overlapping
community detection techniques and results in its improved community detection capability. A node
that is selected as seed could be of one of two types: a non-overlapping node that belongs to a
single community or an overlapping node lying in the region of overlap of two or more communities.
IDLE understands and handles these cases efficiently, and this is one of the prime reasons for its
better performance. The 1-neighborhood of a selected seed helps IDLE differentiate seeds of these
two kinds. If a seed is a node that belongs to the overlapping region, it could have one or both of
the following properties:

1. The neighbors of this node do not all belong to a single community, and when one observes the
proportions of neighbors belonging to different communities, there is not a single community
that holds the majority of these neighbors. That is, this node is in turn connected to multiple
communities through its edges.

2. Most of the communities of the neighbors of this node do not choose to include it. This
is because of the way the edges of this node are distributed, satisfying property 1. The
addition of this node does not cause an increase in a community’s fitness function because
the majority of its edges will always be external connections, while f(S) favors a node that
has denser internal connections and sparser external connections.

In local expansion, IDLE mainly uses property 2 to differentiate between types of seeds, as
a node that is strongly connected to a single community would not have these properties. From
experiments, I observe that using a node from the overlapping region as seed results in the addition
of nodes from its 1-neighborhood that do not all belong to the same community in the ground-
truth community structure of the network. This is true, because local expansion initially includes
neighbors that all cause a slight increase in the fitness function (and belong to different ground-
truth communities), before it starts gaining nodes that map to a single ground-truth community.
Once this majority is achieved, more nodes from their ground-truth community are included until
the fitness function cannot be improved any further. This phenomenon affects the performance of
local expansion based overlapping community detection algorithms. Hence it is important to detect
the type of the seed used for local expansion.

To achieve this, IDLE observes the proportion of neighbors in the 1-neighborhood of a seed node
that has already been assigned to communities. It chooses a threshold p for this proportion. If the
observed proportion of neighbors that are already assigned communities is above the threshold p,
IDLE immediately identifies this node to belong to the overlapping region and does not proceed with
local expansion. If not, the seed is assumed to belong to a single community and local expansion
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follows. The size of the 1-neighborhood of a seed is used to determine the value for p. If the size is
small (i.e., size ≤ 4), IDLE uses the value of p = 0.5. For any other size of 1-neighborhood (i.e., size
> 4), it uses p = 0.8. These values for p are observed to produce good results from experiments,
and they can be changed if properties of the complex networks are known in advance.

The time complexity of this step cannot be determined in advance since the expansion (and in
turn the number of steps) depends on the structure of the graph. However, I have implemented
simple optimizations that speed up community expansion. This is discussed in detail in Section
4.6. Figure 4.4 presents the pseudocode for local expansion implemented in IDLE.

4.4 Pruning

Pruning is an important process that is executed as part of local expansion in IDLE. From the
results of experiments, I observe that this step also plays an important role in the objective of
IDLE to explicitly detect overlapping nodes and in turn improve overlapping community detection.
As discussed in the previous sections, seed selection is followed by greedy maximization of a fitness
function that results in local expansion. Once the natural community of a given seed s is determined,
the community is subject to pruning. There are two essential operations performed as part of this:

1. Removal of non-core nodes, and

2. Detection and removal of near-duplicate communities.

Removal of nodes is performed in other local expansion and optimization techniques [12, 41]
at different points in their algorithms, for different reasons. In this research, I observe that when
IDLE begins with local expansion for a seed, certain nodes from its 1-neighborhood that do not
strongly belong to the natural community of the seed might be added due to a slight increase in
the fitness function. These nodes are considered to be non-core nodes (i.e., weakly embedded in
the community) and should be pruned from the community. During early stages of seed selection,
some overlapping nodes may be selected as seeds from high k-cores due to the rich connectivity of
nodes in the overlapping region. If not many of its neighbors are covered yet at this point, IDLE
will not be able to filter out this overlapping node using property 2 discussed in Section 4.3. Such
a community requires pruning to closely map to a ground-truth community in the network. Due to
the way f(S) is defined, strategically less advantageous nodes sometimes result in a small increase
in the fitness value, resulting in the addition of such nodes. This is another instance where pruning
becomes essential. I have explored two approaches for pruning, each of which comes with its own
advantages.

The first approach is based on the strength of connection of a node to a community. The
internal degree of a node v with respect to community c, dinvc, is the sum of weights of all edges
connecting v to other nodes that belong to c. It is defined as

dinvc =
∑
u∈c

Auv.

Similarly, the external degree of a node v with respect to community c, doutvc , is the sum of weights
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Figure 4.4 Algorithm LOCAL-EXPANSION

Input: G(V, E), graph representation of the complex network,
s, the selected seed,
Covered[|V |], a boolean array that contains 1 if a node is already covered 0, if not.
Cover, the list of communities constructed so far.

Output: C, a list containing nodes that represent the local community of seed s
1: N ← 1-neighborhood(s)
2: count← 0
3: for each node n ∈ N do
4: if Covered[n] == 1 then . If node has already been covered
5: count← count+ 1
6: end if
7: end for
8: ratio← count

size(N)

9: if (size(N) ≤ 4 and ratio > 0.5) or (size(N) > 4 and ratio ≥ p) then
10: return [ ] . Return empty list to indicate seed is an overlapping node
11: end if
12: H ← Subgraph(G, s) . H is the subgraph induced by s and its 1-neighborhood
13: C ← Largest-Maximal-Clique(H) . Initial community is the largest maximal clique in H
14: N ← 1-neighborhood(C) . Get the inital 1-neighborhood of community
15: flag ← 1
16: CurrentF itness← Get-Fitness(C)
17: InternalDegree← Get-InternalDegree(C)
18: ExternalDegree← Get-ExternalDegree(C)
19: while flag == 1 do
20: MaxFitness← CurrentF itness
21: flag ← 0
22: for each node v ∈ N do
23: k in← InternalDegree+ 2 ∗G.weight(C, v)
24: k out← ExternalDegree−G.weight(C, v) + G.weight(V − C, v)
25: f ← k in

k in+k out
26: if f ≥MaxFitness then . If computed fitness is greater than current max
27: MaxFitness← f
28: Selected← v
29: end if
30: end for
31: if MaxFitness > CurrentF itness then
32: C.add(Selected)
33: CurrentF itness←MaxFitness
34: N ← 1-neighborhood(C)
35: update(InternalDegree, Selected),update(ExternalDegree, Selected)
36: flag ← 1
37: end if
38: end while
39: C ← prune(G,C,Cover)
40: return C
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of all edges connecting v with the remainder of the network. It is given as

doutvc =
∑
u/∈c

Auv.

Community Degree Ratio of a node v with respect to community c is a straightforward value that is
defined as the ratio of internal degree to external degree of the node with respect to that community,

Community Degree Ratio(v, c) =
dinvc
doutvc

.

This approach achieves pruning of a community by iteratively looking at the nodes in it, and
removing the ones whose Community Degree Ratio values are below a threshold w. When IDLE
removes a node from the community, it simultaneously updates the degrees of its neighbors that
also belong to this community, in turn affecting their community degree ratio values. The value
for threshold w is set as 0.3 or 0.4 in my experiments using IDLE. If community degree ratio(v,
c) ≤ w for any node in the community, it implies that the node has more than preferred external
edges and hence it is removed. Because this step updates the degrees of the neighbors of the node
belonging to c, it may result in further pruning. IDLE performs this iteratively until there is no
node left in the community whose community degree ratio falls below the threshold. The other
approach for pruning removes nodes whose removal from the community c results in an increase in
the fitness value of c. As in the previous approach, once a node is removed from c, the degrees of
its neighbors in c are also updated resulting in further pruning. This can be performed iteratively
until there is no node left in c whose removal results in an increase in the fitness of the community.

The first approach is sensitive to the value set for threshold w for community degree ratio and
it might result in pruning of entire communities if the threshold set is high and the overlapping
density and diversity of the network also are reasonably high. Due to this, it is important to
pay attention to the threshold selected and this is usually decided based on the average fitness
of communities formed in the network as a result of local expansion. Selecting a threshold that
is lower than the average fitness of local communities has been observed to work well in pruning
weakly connected nodes from communities. Since the second approach is based on the fitness values
of communities themselves and not on a hard threshold, it does not result in over-pruning of nodes.
However, we cannot control pruning in this case as we could in the first approach. Keeping in mind
advantages and disadvantages of both the approaches, I have employed the community degree ratio
based approach in the experiments discussed in Chapter 5.

An important issue that removal of nodes from a community can give rise to, whether it is
carried out during each iteration of local expansion for a seed, as it is performed in some overlapping
community detection algorithms like IS [12] and LFM [41], or after all the iterations are done, as
it is performed in IDLE, is that a community can end up having disconnected sets of vertices.
This is not desired of a community which is expected to be a group of tightly connected nodes.
This problem, along with a solution to address it, has been discussed in detail by Kelley [34]. In
IDLE, I have addressed this problem by observing the connectivity of the community at the end
of pruning. If the community contains more than one connected component, the largest connected
component is returned as the community from the current local expansion step. Removing nodes
at the end of local expansion, instead of during every iteration in expansion, is beneficial in this
sense because it is enough to check the connectivity of the community once rather than at every
iteration as suggested in [34].
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The next operation that is performed as part of pruning is the removal of near-duplicate com-
munities. In GCE [43], removal of duplicate communities is performed by computing a minimum
community distance parameter between a candidate community and an optimal list of already ac-
cepted communities. If the minimum community distance parameter of the candidate community
lies within a threshold ε for any of the accepted communities, then a possible duplication is detected
and the candidate community is removed. In IDLE, similarity of the candidate community to an
already accepted community is computed using the overlap coefficient (or the Szymkiewicz-Simpson
coefficient). For any two communities ci and cj in cover C,

Overlap coefficient =
|ci ∩ cj |

min(|ci|, |cj |)
.

IDLE performs this by calculating the count of nodes in the candidate community, say ci, that are
already assigned to an accepted community, cj this case. It then computes a ratio of this count to
size of the smaller of the two communities ci and cj . If the overlap coefficient exceeds a threshold
ε, then the candidate community is removed. The value for this threshold can be set by a network
analyst who knows some properties of the network or to a value obtained from experiments. Though
the list of accepted communities gets larger as IDLE proceeds, making this operation expensive, we
can perform this efficiently by maintaining a dynamic table that maps nodes to their communities
assigned so far. The list of accepted communities that are relevant for duplicate detection are only
those that contain the nodes that are also assigned to the candidate community. Using the table,
this list of relevant accepted communities can be computed efficiently. The pseudocode for pruning
is shown in Figure 4.5.

4.5 Post-Processing

Most of the local expansion techniques discussed in [73] allow natural communities of seeds to
expand and report those nodes that have been covered in multiple communities as overlapping
nodes. But the actual overlapping nodes might not be covered in most of the overlapping ground-
truth communities they belong to due to the effect of property 2 discussed in Section 4.3. This is
an important reason that contributes to the poor performance of many algorithms in identifying
overlapping nodes in the network. One can see this from the results presented in Chapter 5 as well
as in [73]. IDLE chooses to handle the problem of identifying overlapping nodes by looking for
them explicitly, and I observe that this significantly improves its performance (in terms of the F1
score). IDLE detects overlapping nodes in two phases:

1. A mandatory operation, by filtering out seeds as overlapping nodes during local expansion of
seeds.

2. An optional post-processing step, by identifying nodes that satisfy property 1 discussed in
Section 4.3, after the completion of seed selection and local expansion phases.

There is an important parameter of the network that determines community assignment for
overlapping nodes detected. In IDLE, I represent this as γ. The value γ is the absolute count or
proportion of neighbors of a node that should belong to a community before the node itself can
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Figure 4.5 Algorithm PRUNE

Input: G(V, E), graph representation of the complex network,
C, the community obtained after greedy optimization of fitness function,
Cover, the list of communities constructed so far,

Output: C, the final community obtained after pruning
1: flag ← 1 . Removal of unwanted nodes begins
2: while flag == 1 do
3: flag ← 0
4: for each node v ∈ C do
5: dinvc ← get-internal-degree(C, v)
6: doutvc ← get-external-degree(C, v)

7: if dinvc < doutvc ∧
dinvc
doutvc
≤ w then

8: C.remove(v)
9: flag ← 1

10: end if
11: end for
12: end while . Removal of unwanted nodes ends
13: CAdded ← Relevant-communities(Cover, C) . Removal of duplicate community begins
14: for each community ci ∈ CAdded do
15: overlap-coefficient← |ci∩C|

min(|ci|,|C|)
16: if overlap-coefficient ≥ ε then
17: return [ ]
18: end if
19: end for . Removal of duplicate community ends
20: if |C| ≤ 2 then . If size of community less than or equal to 2, set C to an empty set
21: C ← [ ]
22: end if
23: return C
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be assigned to that community. In the case of weighted networks, this could be a proportion of
weighted-degree of the node. This property is a characteristic of the network and might greatly
differ from one network to another depending on what the nodes and edges represent.

At the end of local expansion, IDLE has identified a subset of the actual overlapping nodes.
It ensures that at the end of seed selection and local expansion, all the nodes in the network are
accounted for in at least one of the local communities that are built. To achieve this, it is important
to assign the identified overlapping nodes to their communities. If a value for γ is specified by the
user, IDLE utilizes this to detect communities of the identified overlapping nodes. If not, it chooses
a default value of 2 for the count of neighbors. There could be nodes in the network where each
of its neighbors belong to a different community. When IDLE identifies such nodes as overlapping,
the default value used is 1. That is, if a node has at least 1 or 2 of its neighbors in a community
then it is assigned to that community. As a result, the overlapping node is assigned to all the
communities of neighbors that satisfy this property. This ensures that IDLE assigns all the nodes
in the network to at least one of the communities detected.

IDLE could be modified to perform a post-processing step that primarily involves identification
of overlapping nodes, because not all overlapping nodes will be selected as seeds during the seed
selection phase, and it is a good idea to identify those overlapping nodes that are missed during
local expansion. The detection performed as part of post-processing is relaxed in that IDLE does
not assign detected nodes to more communities unless a γ value is specified. IDLE examines every
node in the network and observes its neighbors. If a majority (some proportion) of its neighbors
belong to a single community in the cover or if there is only a single community that holds γ of
its neighbors in the cover, then it is identified as a non-overlapping node. If not, then this node
satisfies property 1 from Section 4.3 and hence will be identified as an overlapping node. The idea
behind post processing is that even if IDLE did not identify this node to be an overlapping node
during the earlier steps, it will be detected at this point. If a γ value is specified, then community
re-assignment is performed for the identified overlapping nodes. If not, it returns a list of identified
overlapping nodes along with the overlapping community structure detected. This optional phase
might result in over-detection in case of high overlapping density and diversity in the network. This
occurs if the threshold set for identification of overlapping nodes based on neighbors to community
ratio is not indicative of the network’s characteristics.

The pseudocode presenting the proposed logic for post-processing is presented in Figure 4.6.

4.6 Optimizations

In this section, I discuss the optimizations that are carried out to make the implementation run
faster. In addition, I provide a consolidated list of the algorithm parameters. During seed selection,
a new seed is selected only if it does not belong to any of the communities constructed earlier. To
achieve this, a naive implementation would look at every node in the communities constructed so
far before it selects a new seed. IDLE improves this operation by maintaining a dynamic O(|V |)
buffer that keeps track of all the nodes that have been included earlier during local expansions.
This improves new seed selection into an O(1) operation. For the local expansion step, I adopt
optimizations from GCE [43]. IDLE dynamically updates the 1-neighborhood and internal and
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Figure 4.6 Algorithm POST-PROCESSING

Input: G(V, E, W), the graph representtion of the complex network,
Communities, a map structure that contains the list of communities for each node in G,

Output: OverlappingNodes, a list containing the overlapping nodes in G
1: OverlappingNodes←[ ]
2: for each node v ∈ V do
3: N ← G.neighbors(v)
4: T ← {}
5: for each neighbor v ∈ N do
6: for each community c ∈ Communities[n] do
7: T [c]← T [c] + 1
8: end for
9: end for

10: flag ← 0
11: for each community c ∈ T do
12: if T [c]

size(N) is detected to be the majority proportion then
13: flag ← 1 . Majority of the node’s neighbors belong to a single community, so it

cannot be overlapping
14: end if
15: end for
16: if flag == 0 then
17: OverlappingNodes.add(v)
18: end if
19: end for
20: return OverlappingNodes
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external degrees of the entities involved, resulting in faster fitness calculations. These operations are
shown in Figure 4.4. GCE is shown to be faster than other similar local expansion techniques in [43].
In fact, many operations performed in GCE are unnecessary in IDLE because of our improved seed
selection process. Hence IDLE is guaranteed to be faster than many previously known overlapping
community detection techniques. The parameters defined for IDLE are discussed is Table 4.2.

Table 4.2: Table showing the parameters defined for IDLE

Parameter Description Default values

p Threshold for the proportion of neighbors of a
seed node that are already assigned to communi-
ties. If observed proportion > p, corresponding
node is an overlapping node.

0.5, if degree of node ≤ 4 and
0.8, otherwise.

w Threshold for the value of community degree ra-
tio (CDR) of a node v in a community c. If CDR
≤ w for v, it is pruned from c.

0.3 or 0.4. Usually decided
based on average fitness of
communities detected.

ε Threshold for the overlap coefficient between
two communities ci and cj , used in duplicate
detection. If overlap coefficient(ci, cj) ≥ ε, a
duplicate community is detected.

0.6

γ An absolute value of count or fraction of neigh-
bors of a node that belong to a community, be-
fore the node itself can be assigned to that com-
munity. Used in assigning communities for de-
tected overlapping nodes.

Default value used is an abso-
lute count of 1 or 2 based on
node’s connectivity.

It is important to note that the default values for these parameters were determined from
experiments on networks with different attributes. Though these parameters were learned from
synthetic networks, we have used the same default values for experiments on real networks whose
properties are not known in advance. From Chapter 5, we can see that IDLE performs very well
on real networks, measured in terms of the extended modularity and extended modularity density
values of the covers. This confirms that the default parameters are in fact appropriate for complex
networks in general and there is no overfitting for a certain type of networks. However, these are
designed to be flexible and one can explore the perrformance of IDLE using different values for the
parameters and determine the best suited values for a given network. The pseudocode for IDLE is
presented in Figure 4.7.
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Figure 4.7 Algorithm IDLE

Input: G(V, E, W), weighted/unweighted graph representation of the complex network
Output: Cover, a list of list structure containing list of detected overlapping communities,

OverlappingNodes, a list of detected overlapping communities
1: sort-by-degree(V, ‘descending′)
2: Partition← k-core-decomposition(G) . Partition contains k-core values for each node
3: k ← get-max-k(Partition)
4: Covered← {}
5: C ←[ ]
6: OverlappingNodes←[ ]
7: j ← 0
8: while #NodesCovered < |V | do
9: CurrentCore← get-k-core(k) . Get the list of nodes in kthcore

10: for each node i ∈ CurrentCore do
11: if i /∈ Covered then . i is selected as a seed
12: Cj ← local-expansion(G, i, Covered, Cover)
13: if cj 6= [ ] then
14: #NodesCovered← #NodesCovered+ |Cj |
15: Covered← Covered ∪ Cj
16: j ← j + 1
17: Cover.add(Cj)
18: else
19: OverlappingNodes.add(i)
20: end if
21: end if
22: end for
23: k ← k − 1
24: end while
25:

26: assign-communities(OverlappingNodes, γ) . Assign communities to overlapping nodes
identified during local expansion, using γ or default count values

27:

28: OverlappingNodes← post-processing(G,Cover)
29: return Cover,OverlappingNodes
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Chapter 5

Experiments and Results

In this chapter, I discuss the different experiments that were conducted to analyze the perfor-
mance of IDLE, which is a local expansion based technique for detecting overlapping community
structures of complex networks. In Chapter 3, I have discussed other overlapping community de-
tection techniques that are considered state-of-the-art. To compare the performance of IDLE with
the state-of-the-art, I have chosen two of the best performing algorithms shown in the comparative
study conducted by Xie et al. [73]. One of them is SLPA [75], the speaker-listener interaction based
label propagation algorithm, and the other one is GCE [43], the greedy clique expansion technique
for detecting highly overlapping communities. I have selected SLPA for this comparative study
because Xie et al. [73] conclude that it is the top-ranked algorithm for overlapping community
detection in both real and synthetic networks, and I believe it is meaningful to evaluate the perfor-
mance of IDLE against this technique. The reason for selecting GCE is that it is a local expansion
based community detection technique that outperforms all the other local expansion techniques (as
observed from the results presented in [73]). Since IDLE also falls in the same category, it is useful
to compare its performance against that of GCE.

In my experiments, I have used both synthetic and real networks to study the performance of
IDLE, SLPA, and GCE. All three algorithms produce crisp assignments of nodes to communities.
Xie et al. [73] present extensive analyses of results of the 14 algorithms they considered. This
helps the reader get a clear idea of their performances from all aspects of their ability to detect
ground-truth communities, from the measure of closeness of detected to ground-truth communities
to the distribution of detected community sizes. In this chapter, I have adopted a similar style to
present the results from my experiments. I first discuss the tests conducted on synthetic networks
(Section 5.1) followed by the tests on real networks (Section 5.2).

5.1 Tests on Synthetic Networks

Though there are many real-world complex networks available today, more often than not, one does
not know the ground-truth communities present in them. This makes the testing of community
detection algorithms difficult. The solution to this important problem is to build synthetic networks
that resemble real networks in their features and whose ground-truth community structure is known.
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Synthetic networks are computer-generated graphs, with certain properties, that are created using
specialized generation algorithms. There are many graph generation algorithms proposed [40, 61,
54, 42], and they come with parameters whose values can be controlled to generate benchmark
networks with desired properties.

5.1.1 LFR Benchmarks

The earliest set of benchmark graphs for community detection were proposed by Girvan and New-
man [54] to test their edge betweenness-based disjoint community detection algorithm. However,
this benchmark has limitations with respect to heterogeneity in node degree distribution and com-
munity sizes, and more importantly, it does not account for overlapping communities in networks.
These limitations render this benchmark unusable in our context. The LFR benchmarks is a class
of benchmark graphs proposed by Lancichinetti et al. [40] to generate synthetic networks that
closely resemble real ones. The LFR benchmark is widely used for experiments in overlapping
community detection due to the rich set of parameters it provides for graph generation. By setting
these parameters to appropriate values, one can generate benchmarks with properties that highlight
unique strengths as well as limitations of community detection algorithms.

The synthetic networks used in experiments discussed in this section belong to the class of LFR
benchmark graphs. To understand properties of these networks, it is important to be aware of the
parameters provided by the LFR model:

• N is the number of nodes in the network.

• τ1 and τ2 are the exponents for power law distributions of node degree and community size
repectively.

• 〈k〉 is the average degree of nodes, and kmax is the maximum degree.

• µ is the mixing parameter. That is, every node shares a fraction 1−µ of its edges with nodes
in its community and a fraction µ of its edges with nodes in the remainder of the network.

• smin and smax denote the minimal and maximal sizes of communities in the graph.

• On is the desired number of overlapping nodes in the network.

• Om is the number of memberships for overlapping nodes (i.e., the number of communities the
overlapping nodes simultaneously belong to). The non-overlapping nodes naturally belong to
a single community.

The only drawback of this benchmark is that it assigns all overlapping nodes to the same number of
communities, which is not true in real networks. However, the LFR benchmark produces networks
that have other properties very close to those observed in real networks and is hence widely used
to test overlapping community detection algorithms.
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5.1.2 Normalized Mutual Information

Normalized mutual information (NMI) is a measure borrowed from information theory that was
initially adopted to compare two partitions [22]. It was one of the preferred measures for computing
similarity of parititions due to its sensitivity to errors in community detection. Lancichinetti et al.
[41] propose an extension to NMI that can be used to compare two covers C ′ and C ′′. Therefore,
given the ground-truth cover of the network and the cover detected by an overlapping community
detection algorithm, NMI helps us measure how close the detected communities are to ground-truth,
thereby providing an evaluation of the ability of the algorithm to detect the right communities.

As we know, a node in a cover may belong to more than one community. Let xv denote the
membership of node v in cover C ′. The node membership in case of a cover can be expressed
as an array of size |C ′| with binary entries representing if the node belongs to the corresponding
community (i.e., (xv)k = 1 if node v belongs to community c′k, (xv)k = 0 otherwise). The kth
entry of this membership array can be regarded as a realization of a random variable Xk, that
corresponds to community c′k in cover C ′, whose probability distribution is given as

P (Xk = 1) =
nk
N
,P (Xk = 0) = 1− nk

N
.

where, nk is the size of community c′k. N is the total number of nodes in the network. Similarly,
we can define a random variable Yl assiciated with community c′′l in cover C ′′. Their joint proba-
bility distribution P (Xk, Yl) is defined based on the covers C ′ and C ′′, and this is used in entropy
calculation.

H(Xk) is the entropy of the random variable Xk associated with cover C ′ and H(Yl) is the
entropy of the random variable Yl associated with cover C ′′. In order to define how similar the
covers are, conditional entropy H(Xk|Yl) is used to define the amount of information to infer Xk

given a community Yl in C ′′. That is

H(Xk|Yl) = H(Xk, Yl)−H(Yl).

Since there are |C ′′| possible candidates

H(Xk|Y ) = min
l∈{1,2,..,|C′′|}

H(Xk|Yl).

This is normalized as

H(Xk|Y )norm =
H(Xk|Y )

H(Xk)
.

The normalized conditional entropy of X with respect to Y is defined as

H(X|Y )norm =
1

|C ′|
∑
k

H(Xk|Y )

H(Xk)
.

H(Y |X)norm can be defined similarly. Using these, normalized mutual information is defined as

NMI(X|Y ) = 1− 1

2
[H(X|Y )norm +H(Y |X)norm] .

NMI for two covers C ′ and C ′′ is in the range [0, 1], and it is equal to 1 if and only if the two
covers are equal. I use NMI as one of the measures to evaluate the quality of covers detected by
IDLE, SLPA and GCE in the experiments.
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5.1.3 Omega Index

Hubert and Arabie [30] proposed the adjusted Rand Index to measure the similarity between two
partitions based on the degree to which pairs of nodes are placed in agreement in communities.
In partitions, each node occurs in only one cluster and hence their similarity can be measured in
terms of the number of pairs of nodes that are placed together or apart in both the partitions. But
in covers, nodes can belong to more than one community and hence it is possible for pairs of nodes
to be placed together more than once. Collins and Dent [21] proposed an extension of the adjusted
Rand Index called the Omega Index that quantifies similarity between covers by measuring the
number of pairs of nodes that are in agreement in the same number of communities. Conceptually,
Collins and Dent express the adjusted Rand Index (that the Omega Index is an extension of) as

final index =
observed index - expected index

maximum index - expected index
.

This is explained in [21] as the observed improvement over chance divided by the maximum
improvement possible over chance. The maximum index always takes the value 1.

In Omega Index, the observed index ωu(C ′, C ′′) is a simple extension of the unadjusted Rand
Index to account for covers and it is the fraction of pairs of nodes that appear together in the same
number of communities. It is given as

ωu(C ′, C ′′) =
1

N

min(K1,K2)∑
j=0

|tj(C ′) ∩ tj(C ′′)|.

N is the number of pairs of nodes and it equals n(n− 1)/2 if the number of nodes in the network
is given as n. K1 and K2 are the number of communities in covers C ′ and C ′′ respectively. tj(C)
is the set of pairs of nodes that appear together in exactly j communities in cover C.

The expected index ωe(C
′, C ′′) is the expected value of the fraction in a null model, and it is

ωe(C
′, C ′′) =

1

N2

min(K1,K2)∑
j=0

|tj(C ′)| · |tj(C ′′)|.

Substituting these values in the conceptual notation of omega index, Gregory [28] expresses the
omega index of two covers C ′ and C ′′ as

ω(C ′, C ′′) =
ωu(C ′, C ′′)− ωe(C ′, C ′′)

1− ωe(C ′, C ′′)
.

If there is no overlap between communities in both the covers, the omega index reduces to adjusted
Rand Index. The omega index takes a value 1 if there is a perfect match between the two covers.
In addition to NMI, I have also used Omega Index to show the performance of IDLE and the other
algorithms.
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5.1.4 Effects of Benchmark Parameters on Quality of Detection

In this section, I present how the quality of detection (measured in NMI) is affected by different
parameters of the LFR benchmark. For this, I have generated synthetic networks with number of
nodes N from the set {1000, 5000}. The average degree of nodes 〈k〉 is set to 10 and Xie et al. [73]
observe that this is of the same order as many large real-world social networks presented in [47].
The other parameters are: power law exponents τ1 = 2 and τ2 = 1, and maximum degree kmax =
50. The mixing parameter µ is set to one of 0.1 or 0.3 for different experiments. Two ranges are
selected for community sizes, s = [10, 50] and b = [20, 100]. The value for the number of overlapping
nodes On is set to either 10% or 50% of the total number of nodes. The number of memberships
Om for overlapping nodes is varied from 2 to 8, making the detection of overlapping communities
more difficult at each level. By setting benchmark parameters to be the same as those used in [40]
and [73] I believe that the reader can obtain a good idea of how IDLE performs not only against
the algorithms discussed in this thesis but also other overlapping community detection techniques
discussed in comparative studies in literature.

Each of the algorithms used in our study comes with its own set of parameters. It is important
to discuss the values set for these parameters to be able to reproduce results shown in this thesis.
For IDLE, the value for threshold ε, which determines if a candidate community is a duplicate, is
set to 0.75. I disable phase 2 detection of overlapping nodes in all the experiments since the γ value
for these networks is not known in advance. Inspite of this, IDLE detects a good fraction of the
overlapping nodes when compared to GCE and SLPA, as shown in Section 5.1.6. For GCE, we set
all parameters to their recommended default values as used by Lee et al. [43]. The values are, k =
4, α = 1.0 and ε = 0.6. Since SLPA is non-deterministic, we run the algorithm 10 times on each
instance of the network with values for r in the range [0.05, 0.5] with a difference of 0.05 between
consecutive values. For a network instance, the best value obtained for NMI from these multiple
runs, which corresponds to any r value in the given range, is reported. In practical scenarios, one
does not usually know the best value for r to be used for a network. So I believe that the average
value of NMI obtained for a network instance better reflects the performance of SLPA. Keeping this
in mind, I present comparative study plots for both the best and average values of NMI obtained
for the networks in Figures 5.3, 5.4, 5.5 and 5.6. To obtain each point in the plots shown in all the
figures in this section, the algorithms were run on the same 10 instances of graphs generated with
parameters chosen for that experiment. The average of these values is reported.

Figure 5.1 shows the performance of the three algorithms for different network sizes and mixing
parameters. The solid lines correspond to results from networks with N = 5000 and the dotted
lines represent results from networks with N = 1000 nodes. The colors represent mixing parameter
values: green curves correspond to µ = 0.1 and red curves to µ = 0.3. From these plots, we observe
that the mixing parameter has a greater effect on the performance of algorithms as this determines
the ratio of edges a node shares with other nodes outside its community. The higher this value,
the less tight a community becomes, making its detection difficult. Also, the algorithms perform
better for larger networks (N = 5000). On the x-axis, I have increasing values of Om, the number of
memberships for overlapping nodes. As this value increases, community detection becomes difficult,
and this is reflected in the deteriorating performance of the algorithms. The communities are large
with their size in the range b = [20, 100]. From the plots for the three algorithms, we observe that
the NMI values drop at a moderate rate for IDLE when compared to the other two.
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Figure 5.1: Plots showing the performance of IDLE, GCE and SLPA when applied to networks of
different sizes and mixing parameters. It highlights the effect on performance caused by an increase
in network size N , mixing parameter µ and overlapping node memberships Om.

33



In Figure 5.2, I present the performances of IDLE, GCE and SLPA measured in NMI for different
values of the number of overlapping nodes On and community sizes in networks of size N = 5000.
One can see that all three algorithms perform poorly when the number of overlapping nodes is set
to 50% of the total number of nodes. This, when coupled with increasing values for number of
memberships for the overlapping nodes, affects performance drastically. The performance of IDLE
in the high overlap density case (On = 50%) is not surprising because if more than 50% of the
nodes in the network with average degree 〈k〉 = 10 belong to Om > 2 communities, one can infer
that the communities in the network are not tightly defined. That is, there are many overlapping
nodes in the network, and hence the number of external edges between communities is not sparse.
This makes the detection task difficult, and almost all the algorithms studied in [73] show similar
performance. The community size ranges used are, s = [10, 50] and b = [20, 100]. As shown in the
plots, the range of community sizes used does not cause much impact on the performances of these
algorithms. The points shown for SLPA in both Figure 5.1 and 5.2 correspond to averages of the
average NMI values obtained from multiple runs for each network instance.

In the following sections, I present the performances of IDLE, GCE and SLPA in the following:

• Detection of overlapping communities,

• Detection of overlapping nodes and

• Detection of overlapping node memberships

I measure the ability of an algorithm to detect overlapping communities by calculating NMI and
Omega Index values of the detected communities using ground-truth. This gives one an idea of the
ability of these algorithms to uncover overlapping communities planted in the benchmark networks
used in experiments. The results from these experiments are shown in Section 5.1.5. In addition to
this, it is also important to estimate the ability of an algorithm to detect overlapping nodes in the
network along with the multiple communities they actually belong to. The ability of an algorithm
to detect overlapping nodes is studied by tranforming it into a binary classification problem. This is
described in detail along with the relevant results in Section 5.1.6. An algorithm succeeds in its task
of detecting overlapping communities in a network when it can detect the multiple communities
an overlapping node belongs to. The performance of our algorithms in detecting this is shown in
Section 5.1.7.
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Figure 5.2: Plots showing the performance of IDLE, GCE and SLPA when applied to networks
having different percentages of overlapping nodes and community sizes. It highlights the huge
impact on performance caused by an increase in number of overlapping nodes On along with their
memberships Om. The community size ranges are, s = [10, 50] and b = [20, 100].
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5.1.5 Detection of Overlapping Communities

In this section, I present a comparative study of the ability of IDLE, GCE and SLPA to detect
overlapping communities planted in benchmark networks. The results obtained are shown using
both NMI and Omega Index in the following figures.

Figure 5.3: Comparative study plot showing the performances of IDLE, GCE and SLPA measured
in NMI and Omega Index on networks with the following parameters: N=5000, s = [10, 50], µ=0.3,
On=10%, for increasing values of overlapping node membership Om.
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Figure 5.4: Comparative study plot showing the performances of IDLE, GCE and SLPA measured
in NMI and Omega Index on networks with the following parameters: N=5000, b = [20, 100],
µ=0.3, On=10%, for increasing values of overlapping node membership Om.
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Figure 5.5: Comparative study plot showing the performances of IDLE, GCE and SLPA measured
in NMI and Omega Index on networks with the following parameters: N=5000, s = [10, 50], µ=0.3,
On=50%, for increasing values of overlapping node membership Om.
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Figure 5.6: Comparative study plot showing the performances of IDLE, GCE and SLPA measured
in NMI and Omega Index on networks with the following parameters: N=5000, b = [20, 100],
µ=0.3, On=50%, for increasing values of overlapping node membership Om.
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Each of the figures show performances of the algorithms on LFR networks generated with
parameters shown above the corresponding plots. The results are shown using NMI and Omega
Index values as a function of the number of memberships of overlapping nodes (Om). As already
discussed, there are benchmarks created in [43] and [73] and in earlier literature in this field to
compare the performance of algorithms that are considered state-of-the-art. Since it is only logical
to test IDLE on the same set of benchmarks, to get an idea of its performance in the bigger
picture, I have replicated some of these experiments in my analysis. For SLPA, I have presented
its performance using both the best and average NMI values obtained for each network instance.

One can observe that there is a positive correlation between the NMI and Omega index values
presented in the plots; those algorithms that perform the best in terms of NMI also obtain the
highest values for Omega index. This is violated in a few cases where the networks have high
overlapping densities, as observed in Figures 5.5 and 5.6. From the results presented, we can
clearly see that IDLE outperforms both SLPA and GCE in detecting overlapping communities,
even when detection becomes harder (for increasing values of Om) in networks where 10% of the
nodes are overlapping. The range of community sizes (s = [10, 50] and b = [20, 100]) do not affect
this trend in performance (as shown in Figures 5.3 and5.4). There is a single exception to this
and it is observed in networks having Om = 2 as shown in the figures. GCE performs better than
IDLE in this particular case, and this could be because of the way IDLE assigns communities to
overlapping nodes detected from phase 1. When there is no γ value specified, IDLE assigns an
overlapping node to the communities of its neighbors that pass a default threshold. This might
result in the assignment of overlapping nodes to more than 2 communites in some cases (though
Om = 2), resulting in a slightly lower performance. However, this is not observed in the Omega
index values.

An interesting characteristic observed is that the performance of IDLE drops at a much slower
rate for larger values of Om as compared to the other two algorithms. This is presented in both
Figure 5.3 and 5.4. In fact, the NMI and Omega index values obtained for IDLE when Om = 8
in these networks is better than those values obtained for GCE and SLPA for lower values of Om
(say, Om = 4). This improved performance of IDLE can be attributed to the way it approaches
the problem of detecting overlapping communities, by not only identifying natural communities of
seeds, but also focusing on explicitly detecting overlapping nodes in networks.

Figures 5.5 and 5.6 present the performances of IDLE, GCE and SLPA in detecting overlapping
communities in networks with high overlapping density. In these benchmarks, 50% of the total
number of nodes belong to multiple communities. As we can observe from the plots, all three
algorithms perform poorly in this case. This is also the case with the 14 algorithms discussed in
[73]. Though many of these algorithms perform well when the networks have lower overlapping
nodes, their performances deteriorate drastically as this number increases. This brings out the
fact that the algorithms we currently have are not equipped to detect overlapping communities in
networks with high overlapping density (high values of On and On). To demonstrate the effect of
increasing values of overlapping node count (On) in networks in the case of a moderate number of
memberships for overlapping nodes, I have conducted another experiment using LFR benchmark
networks. The parameters for this experiment are: network size, N = 5000 nodes, average degree
〈k〉 = 10, maximum degree kmax = 50, community size range b = [20, 100], mixing parameter
µ = 0.1 and number of memberships for overlapping nodes Om = 4. The value for number of
overlapping nodes On is increased from 10% to 100% of the total number of nodes in the network.
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The performances of IDLE, GCE and SLPA in terms of NMI and Omega Index are measured
and shown in Figure 5.7. We can see that performance drops drastically as more nodes become
overlapping, and this is observed in the performances of all three algorithms. However, IDLE clearly
has better NMI values than the other two as long as the number of overlapping nodes is less than
70%. In the case of Omega index, it consistently outperforms GCE and SLPA.

Figure 5.7: Comparative study plot showing the performances of IDLE, GCE and SLPA measured
in NMI and Omega Index on networks with the following parameters: N=5000, b = [20, 100],
µ=0.3, Om=4, for increasing percentage of overlapping nodes On.
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5.1.6 Detection of Overlapping Nodes

An important aspect of overlapping community detection algorithms that is not considered for
disjoint community detection is their ability to detect overlapping nodes in the network. When an
algorithm returns the communities it has detected on a network, there may be nodes that belong
to more than one community. These nodes are labelled as overlapping nodes, and in this section
I present the performance of IDLE, GCE and SLPA in detecting overlapping nodes in networks.
Given two covers of a network, C ′ and C ′′, NMI quantifies the performance of an algorithm in de-
tecting overlapping communities from an information theory stand-point, by measuring the amount
of information required to infer communities in one cover, say C ′ given the other cover, say C ′′.
Omega Index measures the number of pairs of nodes that are in agreement in the same number
of communities in covers C ′ and C ′′ and thereby quantifies the ability of an algorithm to retrieve
overlapping communities in a network. But both NMI and Omega Index do not give a clear idea
of the peformance of community detection algorithms in detecting overlapping nodes.

To quantify the performance of algorithms in detecting overlapping nodes, Ball at al. [8] use
Jaccard Similarity Index defined as

J =
|S ∪ V |
|S ∩ V |

.

S is the set of actual overlapping nodes in the network and V is the set of overlapping nodes as
identified by the algorithm. In [73], Xie et al. formulate the identification of overlapping nodes as
a binary classification problem where the nodes that an algorithm identifies as “overlapping” are
given label 1 and the non-overlapping nodes take label 0. Similarly, the actual labels for nodes are
determined from the ground-truth community structure of the network. Using these labels, the F1
score of this classification is calculated as

F1 = 2 ∗ precision ∗ recall
precision+ recall

.

precision measures the ability of an algorithm to not misidentify a non-overlapping node as “over-
lapping”, and it is defined in our context as

precision =
Number of nodes correctly identified as overlapping

Total number of nodes identified as overlapping
.

Hence, precision measures the quality of detected overlapping nodes. recall measures the ability of
an algorithm to detect all overlapping nodes in the network, and it is defined in our context as

recall =
Number of nodes correctly identified as overlapping

Total number of overlapping nodes in the network
.

Recall quantifies the detected overlapping nodes in comparison to the actual overlapping nodes
present. Both precision and recall contribute equally to the F1 score calculated. Since this measure
captures the performance of an algorithm in detecting overlapping nodes both in terms of quality
and quantity, we adopt the F1 score to present the performances of IDLE, GCE and SLPA in
Figures 5.8, 5.9, 5.10 and 5.11. In these figures, we also explicitly present the contributions of
precision and recall to the corresponding F1 score. All these quantities are expressed as a function
of the number of memberships for overlapping nodes expressed as Om.
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Figure 5.8: Comparative study plot showing the performances of IDLE, GCE and SLPA in detect-
ing overlapping nodes in networks with the following parameters: N=5000, s = [10, 50], µ=0.3,
On=10%, for increasing values of overlapping node membership Om.
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Figure 5.9: Comparative study plot showing the performances of IDLE, GCE and SLPA in detecting
overlapping nodes in networks with the following parameters: N=5000, b = [20, 100], µ=0.3,
On=10%, for increasing values of overlapping node membership Om.
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Figure 5.10: Comparative study plot showing the performances of IDLE, GCE and SLPA in de-
tecting overlapping nodes in networks with the following parameters: N=5000, s = [10, 50], µ=0.3,
On=50%, for increasing values of overlapping node membership Om.
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Figure 5.11: Comparative study plot showing the performances of IDLE, GCE and SLPA in detect-
ing overlapping nodes in networks with the following parameters: N=5000, b = [20, 100], µ=0.3,
On=50%, for increasing values of overlapping node membership Om.
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From the results presented in Figures 5.8, 5.9, 5.10 and 5.11, it is clear that IDLE outperforms
the other algorithms in detecting overlapping nodes in the network. This is observed even in the case
of networks with high overlapping density (as shown in Figures 5.10 and 5.11). To understand the
contributions of precision and recall to the F1 score, I have also presented their values as a function
of Om. Both precision and recall increase with the value of Om, and this is not observed in either
GCE or SLPA. Their performances drop as the overlapping nodes belong to more communities.

Some algorithms like EAGLE [64] and Link [2] studied by Xie et al. [73] show an imbalance in
precision and recall values. That is, they exhibit high precision combined with a low recall value
or vice versa. This imbalance in turn contributes to underdetection or overdetection of overlapping
nodes in a given network. This does not happen with IDLE, as there is no such imbalance observed
in the precision and recall values.

5.1.7 Detection of Overlapping Memberships

In addition to detecting the overlapping nodes in a network, an algorithm should also be able to
find all the communities the overlapping nodes belong to. This is an important factor that affects
the quality of overlapping communities detected by an algorithm, especially as the nodes belong
to more communities. In LFR benchmark networks, the membership count for overlapping nodes
in ground-truth is given as Om. The average number of memberships for overlapping nodes in the
covers produced by these algorithms is computed for networks with increasing values of Om. This
is shown as a function of actual memberships in Figure 5.12. This shows the performance of IDLE,
GCE and SLPA in detecting overlapping memberships of nodes networks. Each point in the plots
is obtained by running the experiments on 10 instances of networks with the corresponding set of
parameters. The average value obtained from the 10 instances is shown. For SLPA, the value taken
for each network corresponds to the average of the detected memberships from multiple runs for
different threshold(r) values.

From the results shown in Figure 5.12, one can see that there is a clear difference between the
performance of IDLE, GCE and SLPA in this aspect. Both GCE and SLPA always detect a constant
(nearly 2) number of communities for overlapping nodes in networks with a few overlapping nodes
(10% of total nodes), whereas IDLE exhibits a positive correlation with the number of memberships
in ground-truth (Om). A similar performance is also observed in the case where On = 0.5 of the
total number of nodes for SLPA and IDLE. However, for GCE, the average number of detected
memberships rises and then drops as Om becomes higher. I believe that this ability of IDLE to
detect memberships of overlapping nodes better results in its improved performance. This is shown
in the comparative study plots in Section 5.1.5, for increasing values of Om, where the performances
of GCE and SLPA drop at a faster rate due to their inability to detect multiple memberships of
overlapping nodes correctly.
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Figure 5.12: Comparative study plot showing the performances of IDLE, GCE and SLPA in de-
tecting overlapping memberships on networks with the following parameters: N=5000, s = [10, 50],
µ=0.3, On=10% and 50%, for increasing values of overlapping node memberships in ground-truth
Om.
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5.1.8 Scalability

In this section, I discuss the scalability of IDLE on networks of increasing complexity. Since
many complex networks today contain millions of nodes and billions of edges, it is important to
understand how the performance of IDLE scales for such networks. This factor also influences the
applicability of IDLE for real applications. In order to understand the scalability of IDLE, I have
conducted two experiments similar to the ones conducted for GCE by Lee et al. [43]. In the first,
IDLE is applied to LFR networks of increasing size ranging from N = 102 to 106. The number of
overlapping nodes also grow as a function of the network size and it is set as On = 0.25*N. The
other parameters remain constant as the networks grow and are set as: 〈k〉 = 10, kmax = 50, τ1
= 2, τ2 = 1, cmin = 20, cmax = 100, µ = 0.3, and Om = 2. The time taken by IDLE to produce
covers for such networks is measured in seconds and the results are presented in Figure 5.13.

Figure 5.13: Time taken (in seconds) by IDLE to produce covers on networks of increasing size and
proportional overlapping regions.

We observe that the runtime of IDLE scales similar to the runtime presented for GCE and
other overlapping community detection algorithms. Since the implementation of these algorithms
are provided in different languages, it is valuable to compare the trend in growth of runtime of
these algorithms than to directly compare their runtime values on these networks.

The second experiment that is used to understand scalability of IDLE measures its performance
on networks with growing average degree for nodes. In [43], Lee et al. note that this is one case
where the performance of GCE degrades. The runtime of GCE increases rapidly as the average
degree of nodes in the network increases. Since IDLE is also a local expansion based technique,
I realize it is important to show its performance on a similar set of graphs. For this, I generate
LFR networks using the same parameters shown in [43] for this experiment: N = 5000, the average
degree 〈k〉 ranges from 20-180, kmax = 200, τ1 = 2, τ2 = 1, cmin = 〈k〉, cmax = 500, µ = 0.4, On
= 0, and Om = 1. The time taken by IDLE to produce covers for these networks with increasing
average degree is measured in seconds and the results are presented in Figure 5.14.
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Figure 5.14: Time taken (in seconds) by IDLE to produce covers on networks of increasing average
degree for nodes.

We observe that the runtime for IDLE on these networks does not show a rapid growth. This
favorable scaling of IDLE results from the way it carries out seed selection. Unlike GCE, where
all the maximal cliques of size above k in the network are detected before local expansion, IDLE
selects seeds based on their k-core value and performs a maximal clique listing only for the selected
seeds. This, I believe, results in the difference observed in the performance of these algorithms on
these networks.

5.2 Tests on Real Networks

Complex networks arise in many domains, as discussed in Chapter 1. Among their many properties,
the division of nodes into groups called communities is commonly observed in networks due to the
many interactions (represented as edges) that take place between these nodes [54]. However, we
do not know the ground-truth community structures of these real networks. In some cases, though
the community structure based on node attributes may be available, they might not be reflected
in the actual network structure. Hence it is not easy to evaluate the performance of community
detection algorithms on real complex networks.

To address this problem, Newman [55] proposed a quantity called modularity to measure the
goodness of communities detected by algorithms designed for this purpose. This quantity is defined
as

Q =
∑

c∈C

[
|Einc |
|E|

−
(

2|Einc |+ |Eoutc |
2|E|

)2
]
.

Modularity Q is introduced and briefly discussed in Chapter 2. It is based on the fraction of edges
between nodes in a community minus the fraction of edges that would connect the same set of
nodes, if edges were placed between them randomly without regard to the community structure.
Since this difference is computed for all the communities in a partition, modularity takes the form
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shown above. It can also be expressed as

Q =
1

2m

∑
uv

[
Auv −

kukv
2m

]
δcu,cv .

Therefore, modularity quantifies how the connections between nodes in communities are better
than random connections between them. A higher value for modularity corresponds to a better
community structure. However, this formulation of modularity works well only in the case of disjoint
community structures as it does not account for nodes that can belong to multiple communities.
Hence it cannot be directly applied to measure quality of covers.

To make modularity suitable for overlapping community detection, various extensions are pro-
posed and an overview of these measures is presented by Chen et al. [18]. In this section, I discuss
the commonly used extensions of modularity, present the performances of IDLE, GCE and SLPA
on real networks using these measures and show how these measures are still not good enough for
evaluating performances of overlapping community algorithms on real networks.

5.2.1 Extended Modularity for Overlapping Community Detection

Chen et al. [18] present an overview of the different extensions of modularity proposed to account
for overlapping nodes in the network. There are many node-based extensions of modularity [17,
51, 63, 64, 77], and an edge-based extension [56]. Since node-based extensions are more intuitive
and their formulations are close to Newman’s modularity, I have used them in this study. In
disjoint community detection, each node belongs to a single community and the original modularity
accounts for this scenario. However, in an overlapping community detection setup, nodes may
belong to multiple communities at the same time. Given a cover C = {c1, c2, c3, ..., ck}, containing
k communities, where each ci corresponds to an individual community in the cover, extended
modularities use the idea of belonging coefficients. The belonging coefficients quantify the strength
of association of a node v in the set of nodes V to the communities in the cover C, and these
are given as a vector [αvc1 , αvc2 , αvc3 , ..., αvck ]. Each αvci in the vector quantifies the strength of
association of node v to community ci. The belonging coefficients are usually assumed to satisfy
the following constraints:

0 ≤ αvc ≤ 1,∑
c∈C

αvc = 1.

The different node-based extensions of modularity for overlapping community detection stem from
different formulations for belonging coefficient values. There are two main notions based on which
the belonging coefficients are defined and they correspond to the ideas of crisp and fuzzy assignment
of nodes to communities. One assumes that a node belongs equally to all the communities it is
assigned to and the other determines how tightly a node connects to a community to determine the
strength of its association. In this section, I use extended modularity based on both these ideas of
belonging coefficients to understand how they measure quality of communities in a cover.
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Chen et al. [18] conclude that all node-based extensions of modularity can be expressed using

Qov =
∑

c∈C

[
|Einc |
|E|

−
(

2|Einc |+ |Eoutc |
2|E|

)2
]
.

Here, |Einc |, which represents the total number of internal edges in a community in Newman’s
modularity is given as, |Einc | = 1

2

∑
u,v∈c f(αuc, αvc)Auv. |Eoutc |, that represents the total number of

external edges from the nodes in a community now becomes, |Eoutc | =
∑

u∈c
∑

c′∈C
c′ 6=c
v∈c′

f(αuc, αvc′)Auv.

|E|, which represents the total number of edges in the network is, |E| = 1
2

∑
uv Auv. The term

f(αuc, αvc) is a function of the belonging coefficients αuc and αvc. The basic difference between
the commonly used extensions of modularity is observed in the way they define the belonging
coefficients and the function f(αuc, αvc).

As mentioned earlier, the belonging coefficients are defined based on the ideas behind crisp and
fuzzy assignment of nodes to communities. In a crisp assignment, a node belongs equally to all the
communities it is assigned to. Using this idea, one formulation of the belonging coefficient αvc that
quantifies the association of node v to a community c is

avc =
1

Ov
,

where Ov is the total number of communities the node v belongs to. Therefore, this assigns the
same value to elements in the belonging coefficients vector [αvc1 , αvc2 , αvc3 , ..., αvck ] of a node v.
In a fuzzy assignment, the nodes do not belong equally to assigned communities, and there are
varying strengths associated with every assignment. Based on this notion, one way of defining the
belonging coefficient αvc is

αvc =

∑
w∈cAvw∑

c′∈Cv

∑
w∈c′ Avw

.

Cv is the set of communities the node v belongs to. Clearly, this formulation is the ratio of the
number of internal edges a node has in the community to the total number of internal edges the
node has across all the communities in the cover. These values could be different for different
communties the node is assigned to, and hence the elements in the belonging coefficients vector
[αvc1 , αvc2 , αvc3 , ..., αvck ] quantify how strongly a node connects to each community in the cover.

Given a definition for the belonging coefficients αuc and αvc of nodes u and v to a community
c, the function f(αuc, αvc) is usually defined as either the product or average of the corresponding
coefficients. That is, f(αuc, αvc) can be a product of the belonging coefficients

f(αuc, αvc) = αucαvc.

Or it can be the average of the belonging coefficients involved

f(αuc, αvc) =
αuc + αvc

2
.

With all these and more definitions available for belonging coefficients and function f , many dif-
ferent versions of extended modularity are proposed and widely used. In the following section, I
explain how an ideal extended modularity is selected in our case to compare the results of IDLE,
GCE and SLPA on real networks.
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5.2.2 Selecting an Ideal Extended Modularity

As discussed in Section 5.2.1, there are many definitions of extended modularity and it is important
to select a formulation that best reflects the quality of detected overlapping communities in a
network. Given the two definitions for belonging coefficients and two way to define the function
f , there are four combinations that one can apply in Qov. To understand the behavior of each of
these definitions of Qov, I apply them to networks where the ground-truth overlapping community
structure is known. For this analysis, I randomly sample some LFR benchmark networks that are
used in Section 5.1. I select six networks, each with different properties. All the networks contain
N = 5000 nodes and contain large communities with sizes in the range b = [20, 100]. They differ in
the number of overlapping nodes (On) and the number of memberships for each overlapping node
(Om). The properties of the six networks are as follows:

1. GOn=10%,Om=2: A network with fewer overlapping nodes (On = 10%) and low overlapping
memberships (Om = 2)

2. GOn=10%,Om=5: A network with fewer overlapping nodes (On = 10%) and moderate overlap-
ping memberships (Om = 5)

3. GOn=10%,Om=8: A network with fewer overlapping nodes (On = 10%) and high overlapping
memberships (Om = 8)

4. GOn=50%,Om=2: A network with many overlapping nodes (On = 50%) and lower overlapping
memberships (Om = 2)

5. GOn=50%,Om=5: A network with many overlapping nodes (On = 50%) and moderate overlap-
ping memberships (Om = 2)

6. GOn=50%,Om=8: A network with many overlapping nodes (On = 50%) and high overlapping
memberships (Om = 8)

The most suitable formulation of modularity should best capture the quality of overlapping commu-
nities present in these networks. To compare results, I also run the Louvain community detection
[13] on these networks to get a disjoint community structure of them. I presume that the best ex-
tended modularity measure would acknowledge the ground-truth community structure by assigning
higher modularity to it.

Modularity density Qds is another measure of importance that was introduced by Chen et al.
[19, 20] to address the tendency of Newman’s modularity to sometimes prefer small communities
over large ones and in some cases large communities over small ones.The latter tendency is referred
to as the resolution limit problem in the literature [26]. Modularity density combines a Split
Penalty and Community Density with modularity to construct a measure that is sensitive to
community sizes in a network. Split penalty measures the fraction of edges that connect nodes in
different communities and it is given for undirected networks as

SP =
∑
c∈C

∑
c′∈C
c′ 6=c

|Ec,c′ |
2|E|

.
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|Ec,c′ | is the number of edges connecting nodes in community c to nodes in community c′. In the
case of weighted networks, this becomes the weighted sum of the corresponding edges. Subtracting
the split penalty from modularity addresses the issue of favoring small communities over large ones.
Community density takes into account both the number of nodes and edges in communities, and,
to mitigate the resolution limit problem of modularity, Chen et al. [20] introduce this term into
modularity density. Internal Community density of a given community (dc) and pair-wise density
between communities (dc,c′) are given as

dc =
2|Einc |
|c|(|c| − 1)

dc,c′ =
|Ec,c′ |
|c||c′|

.

Both |Einc | and |Ec,c′ | are defined to be unweighted even for weighted networks. Taking into account
both the split penalty and the community densities, modularity density is defined as follows

Qds =
∑

c∈C

 |Einc ||E| dc −
(

2|Einc |+ |Eoutc |
2|E|

dc

)2

−
∑
c′∈C
c′ 6=c

|Ec,c′ |
2|E|

dc,c′

 .
Chen et al. [20] prove that modularity density solves the resolution limit problem. Though modu-
larity density Qds was originally proposed for disjoint community detection, they also propose an
extended modularity density for overlapping community detection defined as

Qovds =
∑

c∈C

 |Einc ||E| dc −
(

2|Einc |+ |Eoutc |
2|E|

dc

)2

−
∑
c′∈C
c′ 6=c

|Ec,c′ |
2|E|

dc,c′

 .
where,

dc =
2|Einc |∑

u,v∈c,u6=v f(αuc, αvc)
,

dc,c′ =
|Ec,c′ |∑

u∈c,v∈c′ f(αuc, αvc′)
,

|Einc | =
1

2

∑
u,v∈c

f(αuc, αvc)Auv,

|Eoutc | =
∑
u∈c

∑
c′∈C
c′ 6=c
v∈c′

f(αuc, αvc′)Auv,

|Ec,c′ | =
∑

u∈c,v∈c′
f(αuc, αvc′)Auv,

|E| = 1

2

∑
uv

Auv.
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The values αuc, αvc and f(αuc, αvc) are the same as the ones described for extended modularity. In
the following analysis, I present the values for both extended modularity and extended modularity
density obtained for the ground-truth cover and Louvain partition of the six networks using the
four combinations of belonging coefficients and function f described earlier.

Case 1

In Case 1, the extended modularity Qov and extended modularity density Qovds use

αvc =
1

Ov
,

f(αuc, αvc) = αucαvc.

I first present the values of extended modularity and extended modularity density for the ground-
truth cover and Louvain partition. Further, I also show these values for the covers produced by
IDLE, GCE and SLPA on these networks. The parameters for these algorithms remain the same as
the default values used for our experiments on synthetic networks. For SLPA, the value reported is
the maximum extended modularity and the corresponding extended modularity density obtained
from among the runs with different r values.

Table 5.1: Table showing Qov and Qovds in Case 1, for ground-truth cover and Louvain partition

Ground-truth Cover Louvain Partition

Network Qov Qovds Qov Qovds
GOn=10%,Om=2 0.6193 0.0873 0.6363 0.0407

GOn=10%,Om=5 0.5859 0.1008 0.6044 0.0448

GOn=10%,Om=8 0.5680 0.1175 0.5886 0.0494

GOn=50%,Om=2 0.3835 0.0481 0.4567 0.0157

GOn=50%,Om=5 0.2344 0.0343 0.3488 0.0083

GOn=50%,Om=8 0.1808 0.0319 0.3189 0.0063

Table 5.2: Table showing Qov and Qovds in Case 1, for covers from IDLE, GCE and SLPA

IDLE GCE SLPA

Network Qov Qovds Qov Qovds Qov Qovds
GOn=10%,Om=2 0.6217 0.0877 0.5968 0.0902 0.6164 0.0857

GOn=10%,Om=5 0.5902 0.1019 0.5480 0.1147 0.5875 0.1010

GOn=10%,Om=8 0.5753 0.1192 0.5425 0.1356 0.5717 0.1125

GOn=50%,Om=2 0.3566 0.0428 0.3256 0.0430 0.4132 0.0480

GOn=50%,Om=5 0.2390 0.0259 0.1646 0.0263 0.2959 0.0380

GOn=50%,Om=8 0.2017 0.0219 0.1235 0.0230 0.0378 0.0085

One can observe that the extended modularity is highest for disjoint partition obtained using
Louvain community detection algorithm, and the corresponding value for extended modularity
density is comparatively lower than what is obtained for ground-truth covers. Similarly, the highest
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values among the covers from other algorithms is obtained for SLPA and these values are higher
than what is obtained for ground-truth covers. The SLPA threshold r corresponding to these values
of Qov and Qovds is either 0.45 or 0.5 From [74], SLPA gives disjoint communities when r ≥ 0.5.
This behavior is observed because the total number of communities a node belongs to, Oi, is
inversely proportional to this formulation of extended modularity. Hence the fewer communities
a node belongs to, the better is its contribution to Qov. This results in higher values for disjoint
community structure of networks.

Case 2

In Case 2, the extended modularity Qov and extended modularity density Qovds take

αvc =
1

Ov
,

f(αuc, αvc) =
αuc + αvc

2
.

Table 5.3: Table showing Qov and Qovds in Case 2, for ground-truth cover and Louvain partition

Ground-truth Cover Louvain Partition

Network Qov Qovds Qov Qovds
GOn=10%,Om=2 0.6504 0.0878 0.6363 0.0407

GOn=10%,Om=5 0.6296 0.0842 0.6044 0.0448

GOn=10%,Om=8 0.6158 0.0830 0.5886 0.0494

GOn=50%,Om=2 0.5073 0.0564 0.4567 0.0157

GOn=50%,Om=5 0.3886 0.0308 0.3488 0.0083

GOn=50%,Om=8 0.3306 0.0208 0.3189 0.0063

Table 5.4: Table showing Qov and Qovds in Case 2, for covers from IDLE, GCE and SLPA

IDLE GCE SLPA

Network Qov Qovds Qov Qovds Qov Qovds
GOn=10%,Om=2 0.6440 0.0851 0.6092 0.0905 0.6290 0.0809

GOn=10%,Om=5 0.6369 0.0884 0.5500 0.1145 0.5970 0.0962

GOn=10%,Om=8 0.6288 0.0958 0.5438 0.1352 0.5785 0.0974

GOn=50%,Om=2 0.4913 0.0383 0.4232 0.0402 0.4440 0.0417

GOn=50%,Om=5 0.3653 0.0217 0.2303 0.0221 0.3217 0.0309

GOn=50%,Om=8 0.3069 0.0160 0.1583 0.0204 0.0367 0.0086

As we can see from Table 5.3, the highest values for Qov and Qovds are obtained for ground-truth
covers of the networks. One can see that the values for Louvain partition are the same as those
observed in Case 1. This is because, for any formulation of belonging coefficient and function
f , those values evaluate to 1 since a node only belongs to a single community. This reduces
extended modularity to Newman’s modularity, and extended modularity density to the one for
disjoint communities. This can be observed even in Case 3 and Case 4 discussed below. The values
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obtained for Louvain partition in this case are lower than the corresponding values obtained for
ground-truth cover. From Table 5.4, the extended modularity and extended modularity density of
covers produced by IDLE, GCE and SLPA can be studied.

Case 3

In Case 3, the extended modularity Qov and extended modularity density Qovds take

αvc =

∑
w∈cAvw∑

c′∈Cv

∑
w∈c′ Avw

,

f(αuc, αvc) = αucαvc.

Table 5.5: Table showing Qov and Qovds in Case 3, for ground-truth cover and Louvain partition

Ground-truth Cover Louvain Partition

Network Qov Qovds Qov Qovds
GOn=10%,Om=2 0.6205 0.0876 0.6363 0.0407

GOn=10%,Om=5 0.5899 0.1022 0.6044 0.0448

GOn=10%,Om=8 0.5742 0.1203 0.5886 0.0494

GOn=50%,Om=2 0.3886 0.0493 0.4567 0.0157

GOn=50%,Om=5 0.2485 0.0401 0.3488 0.0083

GOn=50%,Om=8 0.2006 0.0423 0.3189 0.0063

Table 5.6: Table showing Qov and Qovds in Case 3, for covers from IDLE, GCE and SLPA

IDLE GCE SLPA

Network Qov Qovds Qov Qovds Qov Qovds
GOn=10%,Om=2 0.6226 0.0881 0.5979 0.0903 0.6164 0.0857

GOn=10%,Om=5 0.5909 0.1022 0.5487 0.1149 0.5875 0.1010

GOn=10%,Om=8 0.5756 0.1194 0.5429 0.1356 0.5717 0.1125

GOn=50%,Om=2 0.3718 0.0460 0.3372 0.0455 0.4132 0.0480

GOn=50%,Om=5 0.2481 0.0277 0.1729 0.0284 0.2959 0.0380

GOn=50%,Om=8 0.2082 0.0232 0.1282 0.0247 0.0367 0.0086

The results obtained for Case 3 are very similar to the Qov and Qovds values obtained in Case
1. Similar to Case 1, the modularity obtained for Louvain Partitions form the upper bound for
extended modularity values obtained for all the other covers of the same network.

Case 4

In Case 4, the extended modularity Qov and extended modularity density Qovds use

αvc =

∑
w∈cAvw∑

c′∈Cv

∑
w∈c′ Avw

,
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f(αuc, αvc) =
αuc + αvc

2
.

Table 5.7: Table showing Qov and Qovds in Case 4, for ground-truth cover and Louvain partition

Ground-truth Cover Louvain Partition

Network Qov Qovds Qov Qovds
GOn=10%,Om=2 0.6511 0.0880 0.6363 0.0407

GOn=10%,Om=5 0.6318 0.0846 0.6044 0.0448

GOn=10%,Om=8 0.6191 0.0837 0.5886 0.0494

GOn=50%,Om=2 0.5106 0.0571 0.4567 0.0157

GOn=50%,Om=5 0.3992 0.0324 0.3488 0.0083

GOn=50%,Om=8 0.3476 0.0228 0.3189 0.0063

Table 5.8: Table showing Qov and Qovds in Case 4, for covers from IDLE, GCE and SLPA

IDLE GCE SLPA

Network Qov Qovds Qov Qovds Qov Qovds
GOn=10%,Om=2 0.6446 0.0853 0.6097 0.0906 0.6358 0.0778

GOn=10%,Om=5 0.6374 0.0885 0.5504 0.1145 0.6019 0.0919

GOn=10%,Om=8 0.6292 0.0959 0.5440 0.1352 0.5833 0.0984

GOn=50%,Om=2 0.5010 0.0396 0.4299 0.0412 0.4546 0.0385

GOn=50%,Om=5 0.3720 0.0225 0.2347 0.0228 0.3313 0.0321

GOn=50%,Om=8 0.3114 0.0166 0.1609 0.0211 0.0367 0.0086

The values for Qov and Qovds in Case 4 shown in Table 5.8 is very close to the values obtained in
Case 2. Also, it is evident that extended modularity is the best for ground-truth covers in this case.
It is also intuitive to calculate the strength of association of nodes to communities based on how
tightly they are connected to those communities. Due to these reasons, I have adopted Qov and Qovds
with belonging coefficient αvc =

∑
w∈c Avw∑

c′∈Cv

∑
w∈c′ Avw

and function f(αuc, αvc) = αuc+αvc
2 to measure

the quality of overlapping communities detected by IDLE, GCE and SLPA on real networks in
Section 5.2.3.

5.2.3 Results on Real Networks

In this section, I measure the quality of covers generated by IDLE, GCE and SLPA for real networks
that are studied in [73] along with a few others. I believe this helps the reader understand the
strengths of IDLE, since the networks are chosen by other parties. The properties of these networks
along with their sources are presented in Table 5.9. The data files for all the networks are obtained
from [47] and [52].

IDLE, GCE and SLPA are run on each of these networks, and they generate covers for them.
The extended modularity Qov and extended modularity density Qovds are used to report the quality
of these covers. The belonging coefficients and function f used in Qov and Qovds take the form
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Table 5.9: Table showing the properties of real networks used in experiments

Network #Nodes, |V | #Edges, |E| Source

Karate 34 78 Zachary [76]

Football 115 613 Girvan and Newman [27]

Les Miserables 77 384 Knuth [38]

Dolphins 62 159 Lusseau et al. [49]

CA-GrQc 4158 13428 Leskovec et al. [46]

PGP 10680 24316 Boguna et al. [14]

CA-CondMat 21363 91342 Leskovec et al. [46]

Email 33696 180811 Klimt and Yang [37]

P2P 62561 147878 Ripeanu et al. [60]

Epinions 75877 405739 Richardson et al. [59]

Amazon 262111 1234877 Leskovec et al. [45]

discussed in Case 4:

αvc =

∑
w∈cAvw∑

c′∈Cv

∑
w∈c′ Avw

f(αuc, αvc) =
αuc + αvc

2
.

In addition to the covers obtained, I generate the Louvain partition for each of these networks.
The Qov and Qovds values are obtained for the partitions as well and presented along with the other
results. This would give the reader an overall picture of the performance of different techniques in
detecting community structures in networks. Table 5.10 presents the results measured as extended
modularity and extended modularity density of the covers generated for the real networks and
Figure 5.15 presents the runtime measured for the algorithms on the same networks in the same
order as shown in Table 5.10. As already noted, the runtime values cannot be directly compared
since their implementations are provided in different languages. However, we see that the runtime
values for a given network show very small differences for the three algorithms. For SLPA, though
the algorithm should be run for multiple r values before we can decide the best cover, the runtime
shown corresponds to the time taken for a single r value.
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Table 5.10: Table showing the values of Qov and Qovds for real networks

IDLE GCE SLPA Louvain Partition

Network Qov Qovds Qov Qovds Qov Qovds Qov Qovds
Karate 0.3791 0.2188 0.3299 0.1623 0.1328 0.1643 0.4188 0.2281

Football 0.6005 0.4909 0.5945 0.4929 0.5770 0.3331 0.6041 0.4173

Les Miserables 0.4904 0.2788 0.5200 0.2745 0.5307 0.2850 0.5435 0.3252

Dolphins 0.4999 0.1847 0.4823 0.1760 0.3787 0.1362 0.5233 0.1994

CA-GrQc 0.7921 0.3015 0.7117 0.3132 0.8037 0.2539 0.8457 0.1413

PGP 0.8188 0.1524 0.5998 0.1182 0.8158 0.1380 0.8829 0.0309

CA-CondMat 0.6812 0.1441 0.6322 0.1609 0.6591 0.1489 0.7230 0.0129

Email 0.3062 0.0315 0.5161 0.0284 0.3207 0.0387 0.6063 0.0141

P2P 0.5508 0.0622 0.0023 0.0002 0.4542 0.0420 0.4985 0.0009

Epinions 0.2079 0.0105 0.0651 0.0032 0.0647 0.0096 0.4411 0.0054

Amazon 0.7518 0.2554 0.6267 0.2782 0.7638 0.1906 0.9014 0.0044

Figure 5.15: Time taken (in seconds) by IDLE, GCE and SLPA to produce covers on the real
networks used in experiments.

From the results shown in Table 5.10, one can see that there are some networks where all the
algorithms produce good modularity covers and some where all three do not perform well. In some
networks (especially the small ones like Karate, Les Miserables and Dolphins), the disjoint Louvain
partition produces the best extended modularity combined with the best extended modularity

60



density. In such cases, one understands that the network structure clearly favors a partition over
a cover. One can also observe that Louvain partition attains the highest modularity even for large
networks. But the corresponding modularity density is very small compared to the ones obtained
for the covers. This allows us to infer that a cover is better in such cases. However, in the case of
large networks, we can see that IDLE consistently produces covers with high extended modularity
combined with a high extended modularity density. From the experiments in Section 5.1, we see
that IDLE is also capable of detecting overlapping nodes and their memberships much better than
both GCE and SLPA can. All these point to the fact that IDLE is one of the few overlapping
community detection algorithms that can be considered state-of-the-art.
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Chapter 6

Conclusions and Future Work

In this thesis, I motive the problem of community detection by pointing out the insights that
can be achieved through community structure analysis. Overlapping community detection adds
another dimension of information to this analysis, and hence is considered an important tool in the
study of complex networks. Though there are quite a number of overlapping community detection
algorithms already proposed for complex networks, the results obtained using them show room
for significant improvement of detection quality. To achieve this, I propose a local expansion and
optimization based overlapping community detection algorithm called IDLE. In this algorithm, I
adopt an interesting idea from influential spreaders research to efficiently identify seed nodes. I show
how conductance is related to the fitness function that is commonly used for greedy expansion and
local community detection and adopt it for IDLE. One important feature of this algorithm that
contributes to improved results is its explicit effort to prune out weakly connected nodes from
communities and also detect overlapping nodes and their memberships. I compare the accuracy
of IDLE with two algorithms, GCE and SLPA, that are considered state-of-the-art in overlapping
community detection. Through extensive experiments conducted using synthetic and real networks,
I demonstrate that IDLE indeed results in an improved detection of overlapping communities in
complex networks.

In this work, I also present a detailed study of the different modularity measures that are
currently used to quantify the performance of algorithms in the absence of the ground-truth over-
lapping community structure. I show why certain formulations of this modularity are preferred
over others and combine those with another measure called the modularity density, to present an
accurate picture of the performance of different algorithms in overlapping community detection.

As one can see from the results presented, the performance of all community detection algo-
rithms, including IDLE, drop drastically when the networks have high overlapping density and high
overlapping diversity. IDLE could be improved further to detect better overlapping communities
in such networks.

In all experiments conducted using IDLE, the phase 2 detection of overlapping nodes is disabled
due to its dependence on the γ value required from the user. The algorithm could be improved so
it learns this value from the network structure itself, and thereby achieve an enhanced detection of
overlapping nodes.
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The current implementation of IDLE uses basic graph operations provided as part of the net-
workx library and hence is implemented in Python. Its run-time, therefore, cannot be directly
compared to other algorithms like GCE that are implemented in compiled languages such as C or
C++. It would be useful to implement IDLE in a language like C or C++ to achieve a natural
speedup of the implementation.
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