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Abstract Due to the prevalence of community phenomenon in social and biological networks,
community detection is becoming one of the most important problems in complex network research.
Although many methods have been developed to partition networks, most of them are based on
heuristic algorithms, which do not ensure the stable solutions. In this paper, we design an accurate
method based on support vector clustering, which can detect the multi-scalar community in noisy
networks. Since our method formulates the primal problem as a quadratic programming, we can get
accurate solution in large scale networks. More importantly, the new method can efficiently exclude
neutral nodes or noisy nodes, i.e. nodes do not belong to any communities.
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1 Introduction

In recent years, we have observed a great devotion to the study of complex networks
for the reason that many interesting systems can be represented as networks composed
of vertices and edges. Example ranges from the internet, social networks to biological
networks. The prolific progress in the study of complex networks has revealed many in-
teresting topological properties such as scale-free [2], small-world [13, 11] and network
transitivity [1]. Here, we are interested in another property, which is also common to
many complex networks, community or modular structure [14, 7], i.e., networks consist-
ing of specific and relatively separate dense subnetworks. The detection of modules and
the analysis of community structure can help us understand the design principle of com-
plex system and the functionality of every component. For example,the communities of
biological networks are often sets of components which have similar functions.

There have been many methods which can be used to find communities in the network.
Newman firstly propose one quality function known as “modularity”, which measures the
quality of the possible divisions of a network [12]. Based on this measure, there are
many heuristic methods optimizing “modularity” to obtain the optimal division. How-
ever, Santo Fortunato has proved that modularity optimization has resolution limit and
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Figure 1: The network with “noise nodes”

may fail to identify modules smaller than a scale which depends on the global property of
the network, even when the modules are well-defined [6]. Apart from modularity-based
methods, another series of methods is clustering-based. Through a wide variety of sim-
ilarity measure, one can use classical clustering methods to detect the communities in a
network, such as K-means and hierarchical clustering [17]. There are also some methods
based on information theory [18] and flow simulation [4]. These methods have dramat-
ically improved the efficiency and accuracy of module detection, but like the heuristic
methods, they cannot guarantee the optimality and uniqueness of the result [5].

In many networks, there may be some nodes whose degree of membership to any
community is very low. These nodes are “noisy nodes” of the networks and should be
excluded in community detection. However, until now, there is still no such method
which can deal with this kind of networks.Figure 1 is one example with “noisy nodes”.
Obviously, this network comprises of three “core communities”, while vertex 3, 20 and
21 do not belong to any community.

In this paper, based on support vector clustering [3], we propose one novel method for
community detection and apply it to some artificial and real-world networks. Comparing
with previous methods in terms of stability and scalability, it has obvious advantages. Our
method can detect network community stably, which means that our method has unique
solution because it formulates the original problem to a quadratic programming. There-
fore, it is scalable to the large-scale problem. Additionally, through tuning the parameter,
our method can detect multi-scalar network communities [9]. Owing to the property of
support vector clustering, our method is suitable to analyze the networks with “noisy
nodes” and detect the “core community” of a network.

2 Methods
2.1 Diffusion Kernel

Before applying support vector clustering to the problem of network community de-
tection, we should define vertex distance on the network. There have been many such
measures [5]. For example, measures based on the concept of structural equivalence. An-
other class of measures is based on properties of random walks on networks. In this paper,
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we use diffusion kernel to define distance between every two vertexes [8].

In 2002, Kondor et al. proposed the concept of diffusion kernel which is based on
the matrix exponentiation idea and can capture the long-range relationships between data
points induced by the local structure of the graph.

An undirected,unwigheted graph G comprises two essential elements: vertex set V
and edge set E which is the set of unordered pairs {v,v,}, where {v|,v2} € V whenever
the vertices v; and v, are joined by an edge(denoted v; ~ v;). Given G = {V,E}, we can
define its (negative) Laplacian matrix

1 forin~j
H,'j = —d,' fori= ]
0 otherwise

where d; is the degree of vertex i (number of edges emanating from vertex 7).
The diffusion kernel of G is defined as the exponentiation of its Laplacian matrix
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where the limit always exists and is equivalent to
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Obviously, Kg is symmetric and positive semidefinite, hence it is a candidate for a
kernel.
In the normalized diffusion kernel,DK;; mean the similarity between data point i and
J- So we use 1 — DK;; to represent the distance between data point i and j.

2.2 Support Vector Clustering

Support vector clustering (SVC) is a kernel-based unsupervised learning clustering
method and was proposed by Asa Ben-Hur ef al. In this algorithm, data points are mapped
by means of a Gaussian kernel to a high dimensional feature space, where we search
for the minimal enclosing sphere. This sphere, when mapped back to data space, can
separate into several contours enclosing data points. The points enclosed by each contour
are associated with the same cluster.

Let x; C x be a data set with N points, with y C R?, the data space. ® denotes the
nonlinear transformation from Y to some high dimensional feature-space. SVC can be
formulated as such a problem:

ming , ¢ R+ CZ ;i

subject to
|®(x)) —all* <R*+&;, & >0.

where C is a constant, & ; a slack variable.
Turning this problem to its dual form, we get such a quadratic programming of the

variables f3;:
ming ZﬁiﬁjK(Xan) - ZK(xjaxj)ﬁj
i,j J
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subject to

0<pB;<C Y Bi=1
J
Paper[3] proposed that we should use the Gaussian kernel in SVC:
K(xi,x;) = ol

where g is called the width of Gaussian kernel. Because we use diffusion kernel to define
distance measure between two vertexes, we compute Gaussian kernel in this paper as:

K(xi,x;) = e~a1-PKij)”,

After solving this quadratic programming, we can classify the nodes by the values of
Bj and &;. The node X; with 0 < B; < C is referred to as support vector or SV because
it is mapped to the surface of the feature space sphere. A point X; with §; >0 and f§; =C
lies outside the feature-space sphere. It will be called a bounded support vector or BSV.

2.3 From Clustering to Community Detection

We try to apply SVC to the problem of network community detection because it has
some good properties. For example, decreasing the width of Gaussian kernel increases
the number of contours, which corresponds to clusters in multiple scale. This property
can enable us to find multi-scale communities in the network when we apply this method
to the community detection problem, because many real-world networks tend to have a
hierarchical community structure[15].

What’s more exciting is that by using a soft margin it can deal with outliers(BSV).
We can exploit this property to deal with the problem which section 1.1 proposes. In a
network, after applying SVC to it, the “noisy nodes” just correspond to those BSV. In
section 3.1, we show this effect of our method by applying it to the network figure 1
shows.

2.4 Community Assignment

In original SVC, for each point X, the distance of its image in feature space from the
center of the sphere can be computed as:

Rz(x) = K(x,x) —ZZﬁjK(xj,x) —&—Zﬁ[ﬁjl((xi,xj).
J ij

The radius of the sphere is:
R = {R(x;) | x; is a support vector}.

The method of differentiating between points that belong to different clusters is based
on such an observation: given a pair of data points that belongs to different components
(clusters), any path that connects them must exit from the sphere in feature space. In other
words, there must be one point y such that R(y) > R. However, in a network, there is
not such a real path between two vertexes as in a Euclidean space. In our method, we
overcome this obstacle by defining a “virtual path” between every two vertexes.
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For arbitrary two vertexes x,y, K(x,:),K(y,:) denote the distance vectors, which com-
prise their distance from all the nodes of the network(include themselves). We define a
node Z on the “virtual path” between x and y, by the linear combination of K(x,:) and
K(y::)

K(z,)) =AK(x,:))+(1=A2)K(y,:), 0<A < 1.

In addition,
K(z,z)=0.

Then, we can define adjacency matrix A; ; between pairs of points x; and x; whose images
lie in or on the sphere in feature space:

A 1 if R(z) < R,when A run from 0 to 1
Y71 0 otherwise.

In numerical experiments, we use twenty decile points of [0, 1] to compute A;;. Commu-
nities are now defined as the connected components of the graph induced by A.

3 Results

We test our method by applying it on four kinds of synthetic network and to four
real-world networks. The results show our method are more efficient than previous ones.

3.1 Synthetic Networks
3.1.1 The Network with “Noise Nodes”

Firstly, we show that our method can deal with “noise nodes” and detect the “core
communities” by applying our method to the network in figure 1. As figure 2 shows, our
result is consistent with intuition: vertex 3, 20 and 21 are detected as “noise nodes’; the
remaining nodes are divided into three “core communities”. This result is obtained when
C=0.1and g=2.9.

3.1.2 Rings of Cliques and Y-shaped Network

We address that our method can be used to overcome resolution limit, by using two
synthetic networks proposed by Fortunato and Barthlglemy.

Figure 3 shows two Benchmarking of the procedure to address resolution limitations.
The first network is called rings of cliques which is made out of identical cliques con-
nected by single links. It has been proved that If the number of cliques is larger than /L,
modularity optimization would lead to a partition where the cliques are combined into
groups of two or more (represented by a dotted line).

The other is called Y-shaped network comprising of four pairwise identical cliques
(complete graphs with m and p < m nodes, respectively); if m is large enough with respect
to p (e.g.m = 20, p = 5), modularity optimization merges the two smallest modules into
one (shown with a dotted line).

Our method can yield the accurate number of communities. The computational results
of our method are shown in figure 4.
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Figure 2: The result of our method by applying it to the network of Figure 1.

3.1.3 Computer-Generated Graphs

Computer-Generated Graphs are another type of widely used exemplar networks for
testing the effectiveness of community detection algorithms. The experiment is designed
by Girvan and Newman[7]. Each graph was constructed with 128 vertices divided into
four communities of 32 vertices each. Edges were placed between vertex pairs indepen-
dently at random. The probabilities were chosen so as to keep the average degree of a
vertex equal to 16 and the average number of edges of each node connecting to nodes of
other communities to be k.

Figure 5 shows the fraction of nodes which are classified into correct community
by our method and two other methods. Our method has better performance than that
proposed by Girvan and Newman. When k,,; < 5.5, the present method performances as
well as D-value method[10].

3.2 Real-world Networks
3.2.1 The Karate Club Network

Now, we turn to apply our method on real-world networks. The first example is the fa-
mous karate club network analyzed by Zachary[16]. The network consists of 34 members
of a karate club as nodes and 78 edges representing friendship between members of the
club which was observed over a period of two years. Due to a dispute between the club’s
administrator and its principal karate teacher, the club eventually split into two smaller
clubs, centered around the administrator and the teacher.

Figure 6 shows the result of our method. As the scale parameter of the Gaussian ker-
nel, g , is increased, the network splits into three smaller network. Compared with Figure
4, our result is reasonable:the module on the left is exactly the smaller club centered
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(a) Rings-of-cliques (b) Y-shaped Network

Figure 3: Benchmarking of the procedure to address resolution limitations.
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Figure 4: The results of Benchmarking of the procedure to address resolution limitations.

around the administrator;the two smaller modules on the right is also reasonable from the
topology of the network.

3.2.2 Football Team Network

The second real-world network we consider is the college football network of the
United States [7]. The nodes in the network represent the 115 teams, while the edges
represent 613 games played in the course of the year. This network has natural commu-
nity structure. The teams are divided into conferences of 8-12 teams each and generally
games are more frequent between members of the same conference than between teams
of different conferences. Interconference play is not uniformly distributed; teams that are
geographically close to one another but belong to different conferences are more likely to
play one another than teams separated by large geographic distances.

Applying our method to this network,we find that it can detect the natural commu-
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Figure 5: Test of various methods on computer-generated networks with known commu-
nity structures. It is a plot of the fraction of nodes correctly classified with respect to
k()ul .

nity structure with a high degree of success. Figure 7 shows the result calculated by
our method. Due to the fact that there are more games with the teams in the classified
communities than the teams in their own conferences, node 29,43,91,111 are incorrect-
ly classified. Our method partitions conference 10(12,25,51,60,64,70,98) into two parts.
These two parts are two cliques with only one edge between them, so this partition is also
reasonable. In addition, because node 37,59,60,64,98 form a clique, they were detected
as a new community.

4 Conclusion and Discussion

In this paper, we present a method based on support vector clustering to detect the
community structure of a network. The result shows, it can detect the multi-scalar com-
munity of a network, which enables us to visualize the community structure of the net-
work more exactly. In addition, our method can deal with “noisy nodes” and detect the
“core community”. These two kinds of nodes, normal and noisy, may correspond to dif-
ferent functions in social and biological networks, then future implications remain to be
explored. As a new clustering method, SVC has not yet been applied broadly. Our work
is only a simple step. There are still many applications worth trying.
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Figure 6: Community detection of the karate club network using SVC with C=2.
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