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Abstract. Seed-centric algorithms constitue an emerging trend in the
hot area of community detection in complex networks. The basic idea
underlaying these approaches consists on identifying special nodes in
the target network, called seeds, around which communities can then
be identified. Different algorithms adopt different seed definitions and
apply different seed selection and community construction approaches.
This paper presents a first survey work on this type of algorithms.

Keywords: Community detection, complex networks, seed-centric al-
gorithms.

1 Introduction

Complex networks are frequently used for modeling interactions in real-world
systems in diverse areas, such as sociology, biology, information spreading and
exchanging and many other different areas. One key topological feature of real-
world complex networks is that nodes are arranged in tightly knit groups that are
loosely connected one to each other. Such groups are called communities. Nodes
composing a community are generally admitted to share common proprieties
and/or be involved in a same function and/or having a same role. Hence, un-
folding the community structure of a network could give us much insights about
the overall structure a complex network. Works in this field can be roughly
divided into two main classes:

– Computing a network partition into communities [12,39], or possibly detect-
ing overlapping communities [31,41].

– Computing a local community centered on a given node [8,6,19].

Recently, an increasing number of work has been proposed with the idea of
merging both kind of approaches. The basic idea is to identify some particular
nodes in the target network, called seed nodes, around which local communities
can be computed [18,32,36]. The interest in seed-centric approaches has been
boosted in the recent years following the demonstration of serious limitations
of modularity optimization based approaches considered till lately as the most
efficient approaches for community detection [16,24].
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Different algorithms adopt different seed definitions and apply different seed
selection and community construction approaches. To the best of our knowledge,
this paper provides the first survey study on this promising type of community
detection algorithms.

The reminder of this paper is organized as follows. Next in section 2 we propose
a set of criteria for classifying seed-centric algorithms. Some exemples are given
in section 3. Performances, on benchmark networks, of a representative selection
of some seed-centric algorithms and top state of the art algorithms (mainly based
on modularity optimization) are compared and commented in section 4. Finally
we conclude in section 5.

2 Seed-Centric Algorithms: A Classification Study

2.1 General Description

Algorithm 1 presents the general outlines of a typical seed-centric community
detection algorithm. We recognize three principal steps:

1. Seed computation.
2. Seed local community computation
3. Community computation out from the set of local communities computed in

step 2.

Algorithm 1 General seed-centric community detection algorithm

Require: G =< V,E > a connected graph,
1: C ← ∅
2: S ← compute seeds(G)
3: for s ∈ S do
4: Cs ← compute local com(s,G)
5: C ← C + Cs

6: end for
7: return compute community(C)

Each of the above mentioned steps can be implemented applying different
techniques. A quick survey of existing approaches allows to identify five main
criteria that can be used to classify seed-centric approaches. These criteria are
detailed in next section

2.2 Classification Criteria

Five criteria has been identified for classifying seed-centric approaches. The first
three criteria are relative to the step of seed computation. The two last ones are
relative to the two last steps : seed local community computation and community
computation steps. The five identified criteria are the following:
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1. Seed nature: Form a pure topological point of view, a single seed can be: a
single node [21,36,40], a set of nodes (not necessarily connected)[18], or a set
of nodes composing a subgraph that is densely connected [5,32]. Concerning
the role that a seed plays in a network, most existing algorithms search for
seeds that are likely to be at the core of communities to be detected. This
is mainly the case of leader-based approaches [18,36,21] and set-seeds based
approaches [33]. One exception is the Yasca algorithm that search for seeds
playing various roles in the target network [20].

2. Seed number: The number of seed nodes can be given as an input to
the algorithm. This is much a classical approach similar to the use of the
standard k-means data clustering algorithm [1]. In most situation, it is hard
to know the number of communities to discover. Some heuristics have been
proposed in order to automatically compute the set of all possible seeds.
For exemple, in leader-based algorithms (where seeds are supposed to be
community leaders), nodes that have a higher centrality than their direct
neighbors are considered as leaders (i.e. seeds) [18,36].

3. Seed selection policy: We can distinguish here between two main ap-
proaches for seed selection: random election and informed selection. Apply-
ing a random selection consists on selecting randomly a set of eligible seeds.
For exemple in [21] authors propose to select K-top central nodes as leaders.
Algorithms applying a random selection strategy often apply an iterative
process, where communities discovered by the ned of a first iteration are
used to selecte new set of leaders and the algorithm iterates, and thus until
convergence [21]. Algorithms defining seed as a groupe of nodes or as a sub-
graph apply mainly an informed selection policy such as the one cited above
(selecting nodes with higher centrality that direct neighbors) [18].

4. Seed local community computation: One first classical approach for
seed local community computation consists on applying an expansion ap-
proach. Local (or ego-centered) community detection algorithms can simply
be applied for that purpose [3,6,10,27,19]. One major drawback of expansion
strategy is that it does not ensure covering all nodes of the network in the
set of detected communities. To overcome this problem, one can add outliers
node to the most near community as proposed in [40]. Another approach, is
to apply an agglomerative approach where each node in the network search
to join the community of the nearest detected seed [18,21].

5. Community computation: Once all local communities of all seeds have
been identified, a global decomposition of the network into, eventually over-
lapped, communities should be computed. In most existing approaches The
final result is simply taken to be the set of seed communities. This is nat-
ural when seeds are selected as nodes at the core of theirs communities. In
[20], authors propose an alternative approach where an ensemble clustering
approach is applied [37]. This will be detailed in section 3.2.

Table 1 summarizes the characteristics of major seed-centered algorithms. In
section 3 we describe in more details two different seed-centric algorithms that
we have implemented: the Licod algorithm [18] and Yasca algorithm [20].
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Table 1. Characteristics of major seed-centric algorithms

Algorithm Seed Nature Seed Number Seed selection Local Com. Com. computation

Leaders-Followers [36] Single Computed informed Agglomerative -
Top-Leaders [21] Single Input Random Expansion -
Licod [18] Set Computed Informed Agglomerative -
Yasca [20] Single Computed Informed Expansion Ensemble clustering
[33] Subgraph Computed Informed Expansion -
[40] single Computed informed Expansion -
[5] Subgraph Computed informed expansion -

3 Selected Exemples

In this section we detail two selected algorithms that we have implemented
using the igraph graph analysis library [9]. Performances of these algorithms are
evaluated and compared with those obtained by top algorithms of the state of
the art on benchmark networks. Results are reported in section 4

3.1 LICOD

The algorithm is initially introduced in [18] as a framework for implementing
leader-based community detection algorithms. Algorithm 2 gives the outline of
the approach.

– Seed computation: The seed set computation is done in two steps. First all
nodes having a centrality higher than σ% of the centrality of their direct
neighbors are elected as a seed. Let L be the set of identified leaders. In
algorithm 2 this step is achieved by the function isLeader() (line 3).The list
L is then reduced by grouping leaders that are estimated to be in the same
community. This is the task of the function computeCommunitiesLeader(),
line 7 in algorithm 2. Let C be the set of identified communities.

– Seed local community computation: this is also done in two steps. First,
each node in the network (a leader or a follower) computes its membership
degree to each community in C. A ranked list of communities can then be
obtained, for each node, where communities with highest membership degree
are ranked first (lines 9-13 in algorithm 2). Next, each node will adjust its
community membership preference list by merging this with preference lists
of its direct neighbors in the network. Different strategies borrowed form
the social choice theory can applied here to merge the different preference
lists [2,11,7,38] . This step is iterated until stabilization of obtained ranked
lists at each node. The convergence towards a stable sate is function of the
applied voting scheme.

– Community computation: Finally, each node will be assigned to top ranked
communities in its final obtained membership preference list.
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Algorithm 2 LICOD algorithm

Require: G =< V,E > a connected graph
1: L ← ∅ {set of leaders}
2: for v ∈ V do
3: if isLeader(v) then
4: L ← L ∪ {v}
5: end if
6: end for
7: C ← computeComumunitiesLeader(L)
8: for v ∈ V do
9: for c ∈ C do
10: M [v, c] ← membership(v, c)
11: end for
12: P [v] = sortAndRank(M [v])
13: end for
14: repeat
15: for v ∈ V do
16: P ∗[v] ← rankAggregatex∈{v}∩ΓG(v)P[x]
17: P [v] ← P ∗[v]
18: end for
19: until Stabilization of P ∗[v]∀v
20: for v ∈ V do
21: /* assigning v to communities */
22: for c ∈ P [v] do
23: if |M [v, c]−M [v, P [0]]| ≤ ε then
24: COM(c) ← COM(c) ∪ {v}
25: end if
26: end for
27: end for
28: return C

3.2 YASCA

Algorithm 3 sketchs the outlines of proposed approach. This is structured into
three main steps:

Algorithm 3 The Yasca community detection algorithm

Require: G =< V,E > a connected graph,
1: C ← ∅
2: S ← compute seeds(G)
3: for s ∈ S do
4: Cs ← compute local com(s,G)
5: C ← C + (Cs, Cs)
6: end for
7: return Ensemble Clustering(C)
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1. Seed computation: This is the role of the compute seeds() function (line 2
in algorithm 3). The algorithms searchs to locate seeds as nodes having vari-
ous positions in the graph. The seeding strategy is inspired form the work of
[26] that show that real complex networks are often structured in one huge
bi-connected core linked to number of small-sized sub-graphs named whiskers
by a set of bridges. Nodes connecting the bi-connected core to whiskers are
called articulation nodes. In Yasca, seeds are taken to be the set of articula-
tion nodes plus the top σ% high central nodes belonging to the biconnected
core.

2. For each seed node s ∈ S we compute its local community Cs. This is the
role of compute local com() function (line 4 in algorithm 3). Different
algorithms can be applied for local community detection [6,8,3]. We mainly
apply here a recent algorithm proposed in [19] that apply a multi-objective
greedy optimization approach. The set of vertices V can then be partitioned
into two disjoint sets : Pv = {Cs, Cs} where Cs denotes the complement of
set Cs.

3. Finally, we apply an ensemble clustering approach [37] in order to merge
the different bi-partitions obtained in step 2. This is the role of the Ensem-
ble Clutering() function (line 7 in algorithm 3). The output of this process
is then taken to be the final decomposition of the graph into communities.

The overall complexity of the algorithm is determined by the highest com-
plexity of the three above described steps. This depends on specific algorithms
applied for implementing each step. However, the ensemble clustering step is
usually the most expensive step, computationally speaking. In this work, we ap-
ply a classical cluster-based similarity partitioning algorithm [37] that have the
following complexity in our case O(n2×2×|S|) ∼ O(n2), where n is the number
of nodes of the graph, 2 is the number of clusters in each clustering and |S| is
the number of different partitions to merge.

4 Experiments

In this section we evaluate a selection of seed-centric approaches on a set of
classical benchmark networks for which a ground-truth decomposition into com-
munities era known. First we described the used datasets. Then we explicit the
applied evaluation criteria and lastly we compare results of selected seed-centric
approaches along with some classical community detection algorithms mainly
based on the principle of modularity optimisation.

4.1 Datasets

A set of three widely used benchmark networks for which a ground-truth de-
composition into communities are known are used:

– Zachary’s karate club: This network is a social network of friendships
between 34 members of a karate club at a US university in 1970 [43]. Fol-
lowing a dispute the network was divided into 2 groups between the club’s
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administrator and the club’s instructor. The dispute ended in the instructor
creating his own club and taking about half of the initial club with him. The
network can hence be divided into two main communities.

– Dolphins social network: This network is an undirected social network
resulting from observations of a community of 62 dolphins over a period of
7 years [28]. Nodes represent dolphins and edges represent frequent associa-
tions between dolphin pairs occurring more often than expected by chance.
Analysis of the data revealed two main groups.

– American political books: This is a political books co-purchasing net-
work. Nodes represent books about US politics sold by the online bookseller
Amazon.com. Edges represent frequent co-purchasing of books by the same
buyers, as indicated by the ”customers who bought this book also bought
these other books” feature on Amazon. Books are classified into three dis-
joint classes: liberal, neutral or conservative. The classification was made
separately by Mark Newman based on a reading of the descriptions and
reviews of the books posted on Amazon.

Next figure shows the structure of the selected networks with real communities
indicated by the color code. In table 2 we summarize basic characteristics of
selected benchmark real networks.

(a) Zachary Karate Club Network [43] (b) US Politics books network [22]

(c) Dolphins social network [28]

Fig. 1. Real community structure of the selected benchmark networks
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Table 2. Characteristics of some well-known benchmark networks

Network # nodes # edges # com reference

Zachary club 34 78 2 [43]
Political books 100 441 3 [22]
Dolphins 62 159 2 [28]

4.2 Evaluation Criteria

Th problem of community evaluation is still to be an open and difficult problem
in spite of huge amount of work addressing this issue [42,23,14,25]. In this work
we apply much a classical approach based on computing the similarity of com-
puted partitions (communities) with ground-truth partitions. This is a classical
issu in the field of data clustering [1] from which we borrow main evaluation
indices: Adaptive Rand Index [17], Normalized Information Index (NMI) [37].
Other mutual infirmation based indices can also be used [30,13,13]. In this paper
we mainly used the NMI index.

The ARI index is based on counting the number of pairs of elements that are
clustered in the same clusters in both compared partitions. Let Pi = {P 1

i , . . . , P
l
i },

Pj = {P 1
j , . . . , P

k
j } be two partitions of a set of nodes V . The set of all (un-

ordered) pairs of nodes of V can be partitioned into the following four disjoint
sets :

– S11 = { pairs that are in the same cluster under Pi and Pj }
– S00 = { pairs that are in different clusters under Pi and Pj }
– S10 = { pairs that are in the same cluster under Pi but in different ones

under Pj }
– S01 = { pairs that are in different clusters under Pi but in the same under

Pj }
Let nab = |Sab|, a, b ∈ {0, 1}, be the respective sizes of the above defined sets.

The rand index, initially defined in [35] is simply given by :

R(Pi, Pj) =
2× (n11 + n00)

n× (n− 1)

In [17], authors show that the expected value of the Rand Index of two random
partitions does not take a constant value (e.g. zero). They proposed an adjusted
version which assumes a generalized hypergeometric distribution as null hypoth-
esis: the two clusterings are drawn randomly with a fixed number of clusters
and a fixed number of eleme nts in each cluster (the number of clusters in the
two clusterings need not be the same). Then the adjusted Rand Index is the
normalized difference of the Rand Index and its expected value under the null
hypothesis. It is defined as follows:

ARI(Pi, Pj) =

l∑

x=1

k∑

y=1

(|P x
i ∩ P y

j |
2

)

− t3

1
2 (t1 + t2)− t3

(1)
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Table 3. Comparison of performances of different community detection algorithms

Dataset Algorithm NMI ARI Q # Communities

Zachary Newman 0.57 0.46 0.40 5
Louvain 0.58 0.46 0.41 4
Walktrap 0.50 0.33 0.35 5
Licod 0.60 0.62 0.24 3

YASCA 0.77 0.69 0.34 2

US Politics Newman 0.55 0.68 0.51 5
Louvain 0.57 0.55 0.52 4
Walktrap 0.53 0.65 0.50 4
Licod 0.68 0.67 0.42 6

YASCA 0.60 0.62 0.24 3

Dolphins Newman 0.55 0.39 0.51 5
Louvain 0.51 0.32 0.51 5
Walktrap 0.53 0.41 0.48 4
Licod 0.41 0.32 0.35 2

YASCA 0.58 0.59 0.53 3

where :

t1 =
l∑

x=1

(|P x
i |
2

)

, t2 =
k∑

y=1

(|P y
j |
2

)

, t3 =
2t1t2

n(n− 1)

This index has expected value zero for independent clusterings and maximum
value 1 for identical clusterings.

Another family of partitions comparisons functions is the one based on the
notion of mutual information.A partition P is assimilated to a random variable.
We seek to quantify how much we reduce the uncertainty of the clustering of
randomly picked element from V in a partition Pj if we know Pi. The Shanon’s
entropy of a partition Pi is given by:

H(Pi) = −
l∑

x=1

|P x
i |
n

log2(
|P x

i |
n

)

Notice that
|Px

i |
n is the probability that a randomly picked element from V be

clustered in P x
i . The mutual information between two random variables X ,Y is

given by the general formula:

MI(X,Y ) = H(X) +H(Y )−H(X,Y ) (2)

This can then be applied to measure the mutual information between two par-
titions Pi, Pj . The mutual information defines a metric on the space of all clus-
terings and is bounded by the entropies of involved partitions. In [37], authors
propose a normalized version given by:

NMI(X,Y ) =
MI(X,Y )

√
H(X)H(Y )

(3)



206 R. Kanawati

4.3 Comparative Results

Next figure shows the obtained results on the three datasets compared to state of
the art algorithms : Louvain [4], Infomap [29], Walktrap [34] and edge-betweenness
based modularity optimisation algorithm (denoted Newman algorithm in the ta-
ble) [15].

Evaluation is made in function of the normalized mutual information NMI,
ARI index, the modularity Q [15]. These results needs confirmation on large-
scale datasets. The problem to cope with is to find large-scale networks with
reliable known ground-truth partitions.

5 Conclusion

Seed-centric algorithms constitute an merging and promising trend in the ac-
tive area of for community detection in complex networks. In this paper, we’ve
provided a quick survey of existing approaches. Performances caparison with
top algorithms in the state of the art show the Results obtained on both small
benchmark social network and on clustering problems argue for the capacity of
the approach to detect real communities. Future developments we are working
include: testing the algorithm on further large scale networks, develop a full
distributed self-stabilizing version exploiting the fact that major part of compu-
tations are made in a local manner and finally adapt the approach for K-partite
and for multiplex networks.
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