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Abstract A community is an important attribute of networking, since people who
join networks tend to join communities. Community detection is used to identify
and understand the structure and organization of real-world networks, thus, it has
become a problem of considerable interest. The study of communities is highly re-
lated to network partitioning, which is defined as the division of a network into a
set of groups of approximately equal sizes with minimum number of edges. Since
this is an NP-hard problem, unconventional computation methods have been widely
applied.

This work addresses the problem of detecting overlapped communities (commu-
nities with common nodes) in weighted networks with irregular topologies. These
communities are particularly interesting, firstly because they are more realistic, i.e.,
researchers may belong to more than one research community, and secondly, be-
cause they reveal hierarchies of communities: i.e., a medical community is subdi-
vided into groups of certain specialties. Our strategy is based on weight redistribu-
tion: each node is examined against all communities and weights are redistributed
between the edges. At the end of this process, these weights are compared to the
total connectivity of each community, to determine if overlapping exists.

1 Introduction

Several systems of high interest to the scientific community can be successfully
represented as networks. Network examples are the Internet, the World-Wide Web,
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and the social networks [5]. Perhaps the latest are the type of networks in which re-
searchers are most interested nowadays. Examples of social networks are Facebook
(1.6 billion users), Instagram (400 million users), or Twitter (320 million users) [22].
Typically, social networks are organized in groups of users [3]. These users join a
network, create their own profile, publish information and find other users with the
same interests. In this way, small or larger groups of users are formed within net-
works. Such groups are referred to as communities. Although there is no universally
acceptable definition of a community, one can define it as a set of nodes and links in
a network such that, its internal connections are more than its external connections
[6]. The nodes of a community are considered similar to each other, dissimilar to
the other nodes of the network [21], and represent its users. The edges represent
the connections between the users of one community or between users of different
communities.

A lot of effort has focused on detecting communities in social and data networks.
Communities give a more realistic approach of the networks and they can also be
used to help the relay of messages within a network [7, 8, 10, 15]. The majority of
the research papers focused on this subject state that common experience shows that
communities really exist in social and data networks [2, 3]. The study of commu-
nity structures is highly related to the problem of network partitioning. Typically,
the network partitioning problem is defined as the partitioning of a network into a
set of groups of approximately equal sizes with minimum number of edges [18, 21].
This problem is NP-hard and thus, heuristics and approximation algorithms are usu-
ally employed [14]. Much of this work involves parallel computations to enhance
performance. Specifically, the nodes of the system represent computations while
the edges represent communications and the general idea is to equally assign nodes
among the processors, so that the communications (edges) between them are min-
imized. However, network partitioning is not the ideal method for the analysis of
networks and for community detection. This is firstly due to the fact that in real net-
works, the communities formed rarely have approximately the same size, secondly
because the connections are not minimized and finally because network partitioning
does not consider the similarities between nodes (or users), which are inherited in a
social network.

Most of the papers found in the literature agree that the members of a commu-
nity are more strongly connected between them than they are connected to members
of other communities. These papers introduced a number of algorithms to identify
communities and measures to test and compare these algorithms [12, 18]. The most
popular metric in the literature, which is used to quantify the strength of a commu-
nity structure is modularity. This metric was defined by Newman and Girvan [18]
and it measures the difference between the density of edges inside the communities
and the density that would have occurred if the edges were randomly distributed
over the entire network. A number of papers have been influenced by this metric
[2, 11, 16, 17, 24, 26], although it has some flaws like the resolution limit, which
can be partially overcomed by techniques like [1].

Members in the same community share the same interests, viewpoints, prefer-
ences, hobbies, professions, newsgroups, and, as far as social networks are con-
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cerned, they are more likely to comment or “like” topics of the same interest. In
most of the papers, this whole activity is modeled via analyzing the link weights
[4, 9, 16, 15, 19, 20, 21] of the network. In order for a node to be considered as
member of a community, its internal/external links to this community should follow
some well-defined properties. Some algorithms also detect overlapping communi-
ties [4, 9, 13, 15, 25]

The main problem in these techniques is that, the aforementioned analysis usu-
ally suffers high complexity times, although there are also linear-time approaches
[21, 23]. Lu et al. [15] proposed a strategy which can detect both overlapping and
non-overlapping communities by adding one node to a community at each expand-
ing step. In each expanding step, the authors initially compute the belonging degree
of a number of nodes to a community C and they pick the one with the highest
belonging degree. This node is temporarily attached to C, forming C

′
. Then, if the

conductance of C
′
is lower compared to the conductance of C, the selected node is

finally attached to C. The worst time complexity can grow as large as n 2, where n is
the number of nodes in the network.

Another interesting strategy proposed by Newman and Girvan [18] repeatedly
calculates the betweeness scores between all the edges in the network and remove
the edge with the highest score. Again, this strategy operates in worst-case time that
can be as large as O(n3). More strategies for modeling the relationships between the
nodes of a network have quadratic or worse complexities [16, 19, 20]. An interest-
ing linear-complexity approach was presented by Raghavan et al. [21], which uses a
simple label propagation algorithm. Unlike most of the strategies found in the litera-
ture this strategy does not use a predefined objective function (like the conductance
mentioned in the previous paragraph) to identify the communities. Every node is
initialized with a unique label and at every step each node adopts the label that most
of its neighbors currently have. There are two concerns regarding this technique.
First, it is assumed that each node joins the community in which most of its neigh-
bors belong and second there is no clear updating strategy that shows what would
happen when new nodes entering the network have equal number of neighbors be-
tween many communities or when some nodes leave the network temporarily or
permanently.

This paper presents a weight-redistribution technique used to find overlapping
communities in networks with irregular topologies. Our strategy performs a depth-
first based search over the network and redistributes the data weights across the
links. Finally, the values computed by the redistribution function are compared to
the connectivity values of each community to determine if there are overlaps. The
remaining of this paper, is organized as follows: Section 2 briefly sets up the prob-
lem studied, presents the weight-redistribution strategy, and performs a theoretical
analysis. Section 3 concludes the paper and offers aspects for future research.
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2 Overlapped Communities Detection Strategy

In this section, we typically describe the proposed strategy and briefly describe some
aspects of the problem studied.

2.1 Problem Aspects

Consider a small network of irregular topology, like the one shown in Fig. 1, where
there are three communities C1,C2, and C3. The problem we address is to find
whether there is overlapping between the communities. Fig. 1 reveals some aspects
that need to be considered before trying to uncover these overlaps:
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Fig. 1 A network with three communities, C1, C2, and C3, depicting nodes similarities (numbers
next to each edge) and network connectivity degrees (numbers inside each node)

Topic 1: User A is directly connected to users E and F in C2. Thus, there is a
chance that A belongs to C2 as well.

Topic 2: User A is connected to C3 via E or via the rout B,C. Thus, there is a
chance that A belongs to C3 as well. In this case, the relays E or B,C
may also belong to C3.
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Topic 3: Continuing Topic 2, if there is a high percentage of overlapping be-
tween two communities, chances are that they are actually one com-
munity.

Topic 4: Not all users of a community are necessarily related (in Facebook for
example, two users may have common friends while they are not re-
lated). In Fig. 1, A is not directly connected H, it is connected to E. In
its turn, E is connected to H. To continue with the Facebook analogy,
this is a case that a user (for example A) is unaware of a community C3

until he/she visits the page of another user that has some relationship to
members of this community (like E). A way to quantify the similarities
(see next section) between unrelated users, like A and H is required.

The four topics referred in this section will be considered in our proposed strat-
egy, which is typically presented in the next section.

2.2 Finding Community Overlaps

Let G= (V,E) be a weighted, undirected graph, where V is the set of nodes and E is
the set of edges. Nodes represent users and edges represent the connections between
two users (for example friendship in Facebook, etc.). The similarity between users
i and j is given by wi, j, that is, the weight of the edge that connects i and j. This
value lies in the interval [0 . . .1]. For example, a value of 0.78 shows that the views
of i and j can be considered quite converging, at a percentage of 78%. Bu et al. [3]
present a table of user phrases that indicate supportive or opposing attitude towards
a comment or opinion, etc. These phrases are accompanied by a value that shows
the degree of support.

The network nodes are also weighted: the weight of a node i indicates its network
connectivity degree, that is, how well the preferences, likes, views of a user are
fitted to a community. The network connectivity degree is also between [0 . . .1].
The letters are the node names, the edge values indicate view similarities and the
node values indicate similarity degrees. The Network Connectivity Degree of a user
i, NCDi, is computed as follows:

NCDi =
∑wi, j

m
(1)

where wi, j is the weight of any edge that connects user i with any user j that lies
in the same community and m is the number of such edges. For example, consider
community C2. User G has two internal links, namely with users F and I and one
external, with user H. To compute NCDG, we only consider the internal links and
we have NCDG =

(0.9+0.92)
2 = 0.91. This value is stored in node G. The values of

the external links will be used to determine overlapping, as will be seen later.
Topics 1 and 2 of Section 2.1 indicate that a user can be connected to a commu-

nity, either directly, through a relationship with a user or many users of the commu-
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nity or indirectly, through a relationship with a user that is related to a member of
the community. Thus, we need to quantify the similarities between unrelated nodes
(Topic 4), in order to uncover possible overlaps. Since there is no relationship (thus
we can’t use data like the ones proposed by Bu et al. [3]), we have to intuitively de-
scribe similarity. Our approach suggests that the similarity of two unconnected users
is generally higher when the number of links between them is small (for example a
friend of a friend in Facebook probably has more similarities compared to a friend of
a friend . . . of a friend . . .), and when the weights on the links that connect them are
as large as possible. Thus, the largest possible similarities are likely to be found in
the shortest paths from each node to each community. The depth-first based proce-
dure described next, finds the highest similarities between unrelated nodes. During
this procedure, we also redistribute the weights:

Procedure 1: Finding the Similarities Between Unrelated users

Step 1: Start from a user node, which is examined for possible overlaps with
a community C. This user will be denoted as the root. Set a = 0 (a
variable to keep the current highest similarity).

Step 2: Find all the users connected to the root, such that the weight of their
corresponding connecting links is > a.
If there are direct connections to the desired community

Step 2.1: Select the link with the highest weight value, assign it as
the working link and move to Step 3

else

Step 2.2: Select the link from the root to an unprocessed node j
that has the highest wroot, j and mark j as processed. Set
j as the root. The chosen link is the working link. Move
to Step 3.

Step 3: Update the weight of the working link using the computed product of
the previous link (or 1 for the first iteration) and the weight of the work-
ing link.

Step 4: IfC is reached then,

Step 4.1: If the working link weight is > a, then
Step 4.1.a: Update a
Step 4.1.b: Exclude from further examination all

the links with weight less than a (they
will never produce a similarity > a).

Step 4.2: Return to the root and set the link leading to the root as
the working link.

Step 4.3: If there is a link from the root to a node j (out of the
examined community) such that wroot, j > a, then go
to Step 2, else go to Step 5.
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else return to Step 2.
Step 5: Work backwards until there is no unprocessed node and link.

Let us use the example of Fig.1 to see how this procedure will compute the
similarity between node A and the nodes in community C3. From Step 1, user A
is set as the root. From Step 2, there are 4 users connected to the root, namely
B,J,F,E (in decreasing order of link weights). The weights of all links are greater
thatn a (a = 0 from Step 1) and there is no direct connection to a member of
C3. So, according to Step 2.2, user B is selected, and wA,B = 0.96. User B is
marked as processed and becomes the root. The link from A to B is the working
link. In Step 3, a weight equal to 1 is assigned to the working link (first iteration,
there is no previous link), and its newly assigned weight will be 0.96× 1 = 0.96.
From Step 4, C3 is not reached, so we have to return to Step 2. From the root,
user B, there is only one connection to user C. There is no direct connection to
C3, so we move to Step 2.2. Since wB,C = 1 > a, C is marked as processed and
becomes the new root The link from B to C becomes the working link. From Step
3, the weight of the previous node is redistributed to the working link, and the
product is 0.96× 1 = 0.96. So wB,C = 0.96. From Step 4, C3 is not reached, so
we repeat Step 2. The users connected to the root are D and K. The link weights
are greater than a and there is direct connection to C3. So (Step 2.1), we choose
the link to user D, since its weight is 0.96, while the weight of link to user K is 0.88.
The chosen link is the working link. From Step 3, the weight from the previous
link is redistributed, so a weight of 0.96 is multiplied with wC,D. Thus, the new
wC,D = 0.96×0.96≈ 0.92.Now, the condition of Step 4 is satisfied. The working
link’s weight is greater than a, so a becomes 0.92. Now, all the links with weights
less than 0.92 have to be excluded from further searching, since multiplications
with values less than 1 will always be producing similarities less than a. Thus, the
algorithm must terminate and the largest similarity of a to a node of C3 is 0.92.

We now show the importance of eliminating some links in Step 4.1.b. As-
sume that, we let the algorithm continue, thus we ignore Step 4.1.b. The al-
gorithm will continue, subsequently assigning as roots nodes F and G. Then, it
reaches node H inside C3 and computes WGH = 0.77× 0.9× 0.8 ≈ 0.55. Since
C is reached, we move to Step 4.1 but the condition is false. So we return to
the root, G, assign the link connecting F and G as the working link and move
to user I. From I, there is direct connection to a member of C3, namely H.
Thus, wI,H = 0.77×0.9×0.92×0.7≈ 0.44. Similarly, the algorithm will compute
wE,H = 0.77×0.9×0.92×0.56≈ 0.35. Assuming that the condition w root, j > a of
Step 4.3 is also not checked, the algorithm will take us to Step 5 and from E
we will move to the initial root A, since this is the only unprocessed node, when H is
the root. When we reconsider A as root, there are two possible options: to compute
the similarity for E to H, wE,H = 0.58× 0.56≈ 0.32 and to move to user J that has
no further connections. Apparently,Step 4.1.b saves us from many unnecessary
computations.

Having found the highest similarity between a node and a community, we have
to define the conditions under which the node can be considered as member of the
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community. We define the Average Community Connectivity (ACC) for a community
C as the average of the NCDs of all the nodes in the C, that is:

ACCC =
∑n

i=1 NCDi

n
(2)

where n is the number of nodes. For example, the ACC ofC3 is ACCC3 =
0.85+0.9+0.95

3 =
0.9.

To allow a user to become a member of the community, we must test if its in-
clusion will improve the community’s ACC. For example, we have computed the
similarity of A and D, which is 0.92. Since A’s similarity to C is greater than 0.9, A
can be considered as member of C3. The checking procedure is described into two
steps:

Procedure 2: Checking a Node’s Inclusion to A Community

Step 1: From Procedure 1, find the highest similarity of a node i to a member j
of a community C.

Step 2: If wi, j > ACCC, then

Step 2.1: Include the node to the community.
Step 2.2: Run Procedure 1 for all the nodes on the path from i to j

to check for more overlaps.

else check another node.

Step 2.2 indicates that there is a high probability that more nodes on the path
from the examined node i to a community member j can also be added to the com-
munity. Generally, if two communities have several common nodes, they can be
considered as a larger community.

2.3 Performance of the Communities Detection Strategy

To evaluate performance, we have to analyze Procedure 1. Proposition 1 gives us an
upper bound for the complexity of this procedure.

Proposition 1: The time required for Procedure 1 to complete its computations is at
most O(m), where m is the number of edges.

Proof: Assume that the procedure starts from a node i. Each node is marked as
unprocessed once and each link is processed two times, one during the redistribution
step and one in case we return back to the root, and there are still unprocessed nodes.
Thus, the total time is dictated by the number of edges and it is limited to this value,
since the procedure involves a number of edges (and consequently nodes), which are
not examined at all (see Step 4.1.b of the procedure). Thus, we can conclude
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that the proposed method is completed at linear time, which is a great advantage if
compared to the times of other well-known strategies [16, 19, 20] among others.

3 Conclusions - Future Work

In this paper, we presented a computational method to find overlaps between com-
munities in a network. Communities are important, since they give a realistic view
of a network. Moreover, they can be used to develop forwarding (routing) algo-
rithms (for example see [16]). Our technique is based on a depth-first based search
through the network, in combination with a redistribution of weights on the links,
to compute similarities between nodes that are not connected via a link.

This work gives rise to several issues that need to be further investigated. First,
the adaptability to dynamic networks, where nodes arbitrarily enter and leave. This
is a very complex problem, since any newly inserted node may be included in more
than one communities, while a node leaving the network will necessarily force some
reorganization over the network. Another point of interest is to test the strategy on a
real network with real users and data and compare our results with other well-known
strategies.
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