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• A clustering method is presented for signed networks.
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a b s t r a c t

Clustering algorithms for unsigned social networks which have only positive edges
have been studied intensively. However, when a network has like/dislike, love/hate,
respect/disrespect, or trust/distrust relationships, unsigned social networks with only
positive edges are inadequate. Thus we model such kind of networks as signed networks
which can have both negative and positive edges. Detecting the cluster structures of signed
networks is much harder than for unsigned networks, because it not only requires that
positive edgeswithin clusters are asmany as possible, but also requires that negative edges
between clusters are as many as possible. Currently, we have few clustering algorithms for
signed networks, and most of them requires the number of final clusters as an input while
it is actually hard to predict beforehand. In this paper, we will propose a novel clustering
algorithm called Eb&D for signed networks, where both the betweenness of edges and the
density of subgraphs are used to detect cluster structures. A hierarchically nested system
will be constructed to illustrate the inclusion relationships of clusters. To show the validity
and efficiency of Eb&D, we test it on several classical social networks and also hundreds of
synthetic data sets, and all obtain better results compared with other methods. The biggest
advantage of Eb&D compared with other methods is that the number of clusters do not
need to be known prior.
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1. Introduction

Social network analysis has gained great attention in recent years. Commonly, vertices in a network represent people
or individuals while the edges show relationships between them. In the usual setting, only positive relationships which
denote proximity or similarity are considered. However, when a network has like/dislike, love/hate, respect/disrespect,
or trust/distrust relationships, such a representation with only positive edges is inadequate as it fails to encode the sign
of a relationship. This kind of networks can be modeled as signed networks, where edge weights can be either positive
or negative, representing positive or negative relationships, respectively. Early uses of signed networks can be found in
anthropology, where negative edges have been used to denote antagonistic relationships between tribes [1].

The most dominant theory related to signed networks is ‘‘social balance’’, whose intuition can be interpreted as ‘‘a friend
of my friend is my friend’’, ‘‘an enemy of my friend is my enemy’’, and ‘‘an enemy of my enemy is my friend’’. A graph is
strongly balanced if no part of the graph violates this intuition.

Cartwright and Harary [2,3] showed that a network which follows the strong balance notion can be clustered into two
perfect antagonistic groups such that the edges within groups are positive and the edges between groups are negative.
However, in real world not every network has the structure of strongly balanced, they may have more than two antagonistic
groups. Davis [4] proposed the notion of ‘‘weak balance’’ as a generalization of social balance. They relax the balanced
relationships by allowing ‘‘an enemy of one’s enemy can still be an enemy’’.

Theorem 1 ([4]). A network is ‘‘weakly balanced’’ if and only if either (i) all of its edges are positive, or (ii) the nodes can be
clustered into k groups such that the edges within groups are all positive and the edges between groups are all negative. This kind
of network is also called perfect k-weakly balanced (where k > 2).

But real signed networks are seldom perfect k-weakly balanced, thus for a given signed network, wewant to partition it into
small groups such that (1) positive edges within clusters are as many as possible and (2) negative edges between clusters
are as many as possible. This problem is called clustering for signed networks.

Clustering algorithms for unsigned networks with only positive edges have been studied intensively. The most
widely used algorithms are spectral clustering method [5], the KL (Kernighan–Lin) algorithm [6], GN (Girvan–Newman)
algorithm [7], Newman algorithm [8], and HITS (hyperlink induced topic search) algorithm [9] etc. Clustering for unsigned
networks also can be seen as a process to detect dense subgraphs in G. In [10], an approach named Quasi-clique Merger
Algorithmwasproposed to detect all dense subgraphs inGwith various levels and construct a hierarchically nested system to
illustrate their inclusion relationships. Yang et al. [11] gave a comprehensive survey of the clustering algorithm for unsigned
networks, where clustering algorithms are partitioned into two classes: optimization basedmethods and heuristicmethods.
Particularly, Malliaros and Vazirgiannis [12] gave a survey for clustering directed networks.

But clustering algorithms for signed networks cannot be successfully carried out by merely extending the theory and
algorithms for unsigned networks in a straightforward manner. Many notions and algorithms for unsigned networks break
down when edge weights are allowed to be negative. There are fewer algorithms for signed networks than for unsigned
networks. Doreian et al. [13] proposed a local search strategy which is similar to the Kernighan–Lin algorithm. Nikihil
et al. [14] also considered the clustering problem for signed graphs, though their formulation is motivated by correlation
clustering. Yang et al. [15] proposed an agent-basedmethodwhich essentially conducts a randomwalk on the graph. Anchuri
et al. [16] proposed hierarchical iterative methods that solve 2-way frustration and signed modularity objectives using
spectral relaxation at each hierarchy. Another framework for clustering signed graphs was proposed by Chiang et al. [17]
who introduced a new criterion called balance normalized cut, and they developed a multilevel clustering framework
‘‘S-Graclus’’ for signed networks, which ‘‘can be viewed as a generalization of Graclus [18] for the signed network setting ’’(see
Ref. [17]).

However,most of these existing algorithms (especially spectral clusteringmethods) required the number of final clusters
k as an input, that is, k should be known in advance before clustering process. But in practice we cannot initially predict the
number of communities beforehand. As said in SAS/STAT 9.2 User’s Guide ‘‘There are no completely satisfactory algorithms
that can be used for determining the number of population clusters for many type of cluster analysis’’. Thus, clustering methods
for signed network which do not need the number of clusters in advance are in urgent need.

In this paper, we will propose a novel clustering algorithm for signed networks which avoids using k as an input.
Motivated by the GN (Girvan–Newman) algorithm [7] which constructs clusters by progressively removing edges which are
least central (i.e., the edges which are most ‘‘between’’ clusters), we will look for the ‘‘least central’’ edges as well in a signed
network, but we will also take the density of subgraphs into consideration. A hierarchically nested system are constructed
to illustrate the inclusion relationships of clusters. This paper is organized as follows. Some terminologies and notations are
introduced in Section 2; In Section 3, a new clustering algorithm for signed networks named Eb&D is presented; Its validity
is shown by applying it on some classical real data sets and hundreds of synthetic data sets in Section 4; Conclusions are
made in Section 5.

2. Terminologies and notations

A signed network G = (V , E) can be represented as an adjacency matrix that describes relationships between entities.
Formally, let G = (V , E) be a graph with weight w(e) ∈ {−1, 0, 1} on each edge, the adjacency matrix A is defined as
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follows:

Ai,j =

1, if the relationship of (i, j) is positive;
−1, if the relationship of (i, j) is negative;
0, if the relationship of (i, j) is unknown.

For traditional unsigned (or positive) networks, the edge-betweenness of an edge e is defined as the number of shortest
paths between pairs of vertices that run along it. That is, let σvi,vj denote the number of shortest paths between nodes vi and
vj, and let σvi,vj(e) denote the number of shortest paths between vi and vj which go through e, the edge betweenness of an
edge e, denoted by EB(e), is defined as follows:

EB(e) =


vi,vj∈V

σvi,vj(e)

σvi,vj

. (1)

Thedensity of a subgraph C is defined as [10],

d(C) =

2


e∈E(C)

w(e)

|V (C)|(|V (C)| − 1)
. (2)

From Eq. (2), if every pair of vertices in C has an edge ewith w(e) = 1, then d(C) = 1, which means the subgraph C induces
a special structure which is called a clique in graph theory. Eq. (2) can be generalized to a signed subgraph C where w(e) can
be negative. When a negative edge adds to a subgraph C , the density of the new subgraph will drop. If d(C) ≥ ∆ for some
positive real number ∆, the subgraph C is called a ∆-quasi-clique.

3. Eb & D clustering algorithm for general signed networks

Let G be a general signed graph. In this section, we will design an algorithm to cluster G, such that (1) positive edges
within clusters are as many as possible and (2) negative edges between clusters are as many as possible. To quantify these
two conditions, we define two pre-defined parameters α, β , such that
(i) The density of each cluster C is not smaller than α, i.e. d(C) ≥ α
(ii) A cluster cannot contain too much negative edges, that is, the drop ratio of a cluster’s density when considering only

positive edges and when adding the negative edges should not be greater than β , i.e., d+(C)−d(C)

d+(C)
≤ β ,1 where d+(C) is

the density of cluster C when only considering positive edges.

3.1. The motivation of Eb&D clustering algorithm

Denote the subgraph consisting of all positive edges of G by G+. Clearly, the connected components of G+ is an initial
clustering result for G. Similar to the GN (Girvan–Newman) algorithm [7], instead of trying to construct a measurement to
tell which edges aremost central to clusters, we focus on those edgeswhich are least central and those edgeswhich aremost
‘‘between’’ clusters. But GN algorithm cannot be extended to signed networks directly because the criteria of clustering for
signed networks should take the sign of each edge into consideration.

Our algorithm is motivated by the following observation:

Observation. Positive edges between clusters are more likely to have higher betweenness centrality.

Here, we use a real data from Ref. [1] to illustrate this observation. This data set describes the relations between sixteen
tribal groups of the Eastern Central Highlands of New Guinea [19]. Relations between tribal groups in the Gahuku-Gama
alliance structure can be friendly (‘‘rova’’) or antagonistic (‘‘hina’’). We model the data set as a graph with edge weights+1
for friendship and−1 for enmity (see Fig. 1), whose matrix is also shown in the following:

1 Note that the density drop ratio is actually the ratio of negative edges to positive edges.
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Fig. 1. The solid lines denote positive links, and the dotted lines denote negative links. The real communities are marked by different shapes (i.e., squares,
diamonds and circles).

Table 1
Edge betweenness score of G+[V ′].

v3 v4 v6 v7 v8 v11 v12 v5 v9 v10 v13 v14

v3 0 4.5 2.17 9.67 1.67 0 0 0 0 0 0 0
v4 4.5 0 0 0 6.5 0 0 0 0 0 0 0
v6 2.17 0 0 6 1.5 1.33 1.33 0 0 0 0 0
v7 9.67 0 6 0 9 6.33 6.33 14.33 0 0 21.33 0
v8 1.67 6.5 1.5 9 0 2.33 2.33 0 0 0 0 0
v11 0 0 1.33 6.33 2.33 0 1 0 0 0 0 0
v12 0 0 1.33 6.33 2.33 1 0 0 0 0 0 0

v5 0 0 0 14.33 0 0 0 0 6.33 0 0 5.33
v9 0 0 0 0 0 0 0 6.33 0 2 5.33 0
v10 0 0 0 0 0 0 0 0 2 0 9
v13 0 0 0 21.33 0 0 0 0 5.33 9 0 6.33
v14 0 0 0 0 0 0 0 5.33 0 0 6.33 0

The true clusters of this data set are (1, 2, 15, 16), (3, 4, 6, 7, 8, 11, 12) and (5, 9, 10, 13, 14). At first, when we consider
only the positive edges, we get two connected components, one is {1, 2, 15, 16} and the other is V ′ = {3, 4, 5, 6, 7, 8, 9,
10, 11, 12, 13, 14}. Table 1 lists the edge betweenness scores of G+[V ′], where G+[V ′] is the subgraph of G+ induced by V ′.
We can see that two positive edges (7, 13) and (5, 7) have the top two highest scores 21.33 and 14.33 respectively (marked
in bold in Table 1), and they also are the only twopositive edges between clusters (3, 4, 6, 7, 8, 11, 12) and (5, 9, 10, 13, 14).

3.2. The Eb& D clustering algorithm

The new Edge-betweenness & Density based Clustering Algorithm for signed networks (Eb&D Clustering Algorithm for
short) is presented at Table 2. The connected components of G+ is clearly an original cluster candidates. The output of Eb&D
Clustering Algorithm is a hierarchical tree, whose size can be controlled by user predefined parameters α, β . This process
will clearly highlight meaningful clusters, and it does not need the number of clusters k as an input in advance, which is its
greatest advantage. Thus, Eb&D Clustering Algorithm should be more applicable for networks in which we cannot initially
predict the number of clusters.

3.3. How to choose parameters α and β?

Parameters α and β are user-specified, which are used to control the density and the ratio of negative edges of a final
cluster respectively. But how to choose their values? Here we give a guide for the default value of α and β .

The density of G is denoted by d(G), and the density of G+ is denoted by d(G+). Denote the graph from G by taking all
edges as positive by |G|, and its density by d(|G|). Obviously, d(|G|) ≥ d(G+).

Define

γ =
d(|G|)− d(G+)

d(|G|)
,

which is actually the ratio of negative edges in the input graph G.
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Table 2
Edge-betweenness & density based clustering algorithm for signed networks.

Input A signed (unweighted) network Gwith both positive and negative edges
Output A hierarchical system which illustrates the inclusion relationships of clusters
Step 0 G+: the subgraph consist of all positive edges;

Cluster[k]: the set of clusters detected in the kth level;
C: a cluster (i.e., a set of vertices);
G+[C]: the subgraph G+ induced by C;
Cluster_cont[k]: the set of clusters in the kth level which need further partition;
α: a parameter given by user to control the density of clusters;
(default value is set as Eq. (4))

β: a parameter given by user to control the drop of the densities of C in G+ and G;
(default value is set as Eq. (3))

k := 1.

Step 1 Compute the connected components of G+;
Add them to Cluster[k].

Step 2 For every cluster C in Cluster[k]
Calculate the density of C by Eq. (2)

in both G (denoted by d(C))and G+ (by d+(C)) respectively;
If d(C) ≥ α and d+(C)−d(C)

d+(C)
< β

C does not need further partition; Color it with red.
Else;

add C to the set Cluster_cont[k].

Step 3 WhileCluster_cont[k] is not empty
Choose one cluster C from Cluster_cont[k] and remove it;
Calculate the edge-betweenness for each edge of the subgraph G+[C];
Keeping removing edges with maximum edge-betweenness until G+[C] becomes disconnected;
Add all these connected components to the set Cluster[k+ 1];

end
k = k+ 1;

go to Step 2.

As negative edges are likely to exist between clusters, γ can be considered as an upper bound of the ratio of negative
edges that a true cluster C can contain, thus,

0 ≤
#negative edges in C
#positive edges in C

≤
γ

1− γ
,

which gives us a range that β can be chosen from. Here, we suggest to select

β =
1
2
·

γ

1− γ
(3)

as the default value.
The default value of α will be set as follows, which is depending on the ratio of negative edges in the input graph G:

α =


d(G+), if γ > 0.5;
d(|G|), otherwise. (4)

Eq. (4) means that if there are many negative edges in a signed network then we should do not expect too much on the
final clusters’ density, while there are not toomuch negative edges in a signed network, then the density of the final clusters
should be larger. The parameters α and β are user-specified, one can give their values as they desire. But as we will show in
Section 4.3, it is more reasonable that choosing their values according to the input graph as we suggest in Eqs. (3) and (4).

3.4. The time complex of the algorithm

The time complexity of Eb&D Clustering Algorithm is polynomial. Wemainly spend time on calculating the betweenness
scores of all the edges in an unweighted (sub)graph C which involves calculating the shortest paths between all pairs of
vertices of C , and this will take O(|V (C)| · |E(C)|) time with the Brandes’s algorithm [20]. At each iteration, it will cost
O(|V (G)| · |E(G)|) time with an input G. Let h be the number of iterations, and the time complexity of Eb&D Clustering
Algorithm will be O(h|V (G)| · |E(G)|). The time complexity of S-Graclus algorithm proposed by Chiang et al. in [17] is
O(t · [|E(G)| + k · |V (G)|]), where t is the number of iterations, and k is the number of clusters that we need to cluster
into. For big data sets, S-Graclus algorithm will work faster than ours, but in S-Graclus algorithm, the number of clusters k
should be known in advance, which is hard to predict in practice.
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Fig. 2. The hierarchical tree after applying Eb&D clustering algorithm on the 16 tribal groups in the Gahuku-Gama alliance structure. Red rectangle means
it do not need partitions any more, while green ones means need further partition. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

4. Applications and experiments

To test the validity of Eb&DClusteringAlgorithm,wewill test it on several classical real-world data sets and also hundreds
of synthetic data sets in the following subsections.

4.1. Benchmark data sets

As an application of signed network clustering to real world data, we first use the real data set from Ref. [1], see Fig. 1.
The true clusters are (3, 4, 6, 7, 8, 11, 12), (1, 2, 15, 16) and (5, 9, 10, 13, 14). When we apply the new Eb&D Clustering
Algorithmon this data set, we obtain exactly the same true correct clustering result (see the red rectangles of the hierarchical
tree in Fig. 2).

Actually, since this data set is small, we can illustrate Eb&D’sworking process in detail. For this data set, the defaultα is set
to be 0.4833, and the defaultβ is set to be 0.5. Step 1, compute the connected components ofG+which areV1 = {1, 2, 15, 16}
and V2 = {3, 4, 6, 7, 8, 11, 12, 5, 9, 10, 13, 14} respectively; Step 2, the subgraph induced by V1 has high density value
d(V1) = 1 > α and d+(V1)−d(V1)

d+(V1)
=

1−1
1 < β , thus V1 does not need partition any more (color V1 with red); while the

subgraph induced by V2 has lower density value d(V2) = 0.2424 < α, V2 need further partition (color V2 with green); Step
3, firstly we calculate the edge-betweenness for each (positive) edge of the induced subgraph G+[V2], and find that edge
(7, 13) has the highest edge-betweenness value 21.333, but G+[V2] − (7, 13) is still connected, then keep removing the
edge (7, 5) with the second highest edge-betweenness value 14.333, and we find that G+[V2] − (7, 13) − (7, 5) becomes
disconnected. We get two connected components which are V3 = {3, 4, 6, 7, 8, 11, 12} and V4 = {5, 9, 10, 13, 14} with
density d(V3) = 0.7143 and d(V4) = 0.6 respectively, and there is no negative edges in either G[V3] or G[V4], which mean
both V3 and V4 do not need further partitions (color both V3 and V4 red). There is no green subgraph anymore, the algorithm
stops, and the subgraphs with red color are recognized as the final clusters.

The second real-world signed network is a relation network of ten parties of the Slovene Parliament in 1994, see Fig. 3.
The adjacency matrix is also shown below.

The entries in the abovematrix are theweights of links in thenetwork estimatedby72questionnaires among90members
of the Slovene National Parliament. The questionnaires were designed to estimate the distance of the ten parties on a scale
from−3 to 3, and the final weights were the averaged values multiplied by 100. The ten parties fall into two communities:
(1, 3, 6, 8, 9) and (2, 4, 5, 7, 10), a hard-partition of the network.

When we apply Eb&D Clustering Algorithm on this data set, we regard it as an unweighted network. The resulting
hierarchical tree is shown in Fig. 4, which is the same as the true clusters. Actually, after the Eb&D Clustering Algorithm
finishes Step 1 (compute the connected components of G+), we get the true clustering result V1 = {1, 3, 6, 8, 9} and
V2 = {2, 4, 5, 7, 10}with densities satisfying the termination conditions.
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Fig. 3. The solid lines denote positive links, and the dotted lines denote negative links. The real communities are marked by different shapes (i.e., squares
and circles).

4.2. Synthetic data sets

Section 4.1 presented two benchmark data sets whose clustering results are already known. Such data sets are desirable
for testing purposes but are difficult to obtain. Thus to further test the accuracy of our algorithm, we may need to generate
networks.

We generate a general signed network with k clusters by inputting a vector of cluster sizes (s1, s2, . . . , sk) with two
parameters: sparsity 0 < ρ < 1 and noise value 0 < ϵ < 1. The sparsity ρ represents the percentage of edges sampled from
the complete perfect k-weakly balanced signed networks, and the noise value ϵ specifies the percentage of edges flipping
the sign. Initially, let G = (V , E) be a complete graph on

k
1 sk vertices with a perfect k-clustering (edges within clusters are

all positive and edges between clusters are all negative) with clusters of sizes s1, s2, . . . , sk respectively. Next, we uniformly
sample totally ρ|E(G)| entries from G to form a sparse perfect k-weakly balanced network G(1), and then generate a new
graph G(2) from G(1) by randomly choosing number of ϵ|E(G(1))| edges in G(1) to flip the signs. That is, if e = xy is one of
such edges (and x ≠ y) then we let w′(e) = −w(e), where w′(e) is the weight of e in G(1). Note that by randomness these
changed edges can locate either between clusters or in a cluster.

4.2.1. Error functions
If an acceptable clustering for a given network is already established, as is the case in the two benchmark data sets in

Section 4.1, we may use it as the reference or the ground truth, and then define an error function based on the number of
vertices in incorrect clusters with respect to the known ground truth clustering.

We denote a clustering result c as a n × 1 vector where c(i) ∈ {1, 2, . . . , n} is the clustering result for vertex i and
n = |V (G)|. The following is a pseudocode which was presented in [21] for such an error function. Note that this error
function algorithm takes in account relabelings of clusters, because as we all know, the order of the clusters does notmatter.
As such, the lack of sensitivity is desirable.

Input : c_test : n × 1 vector, clustering result obtained from algorithm; c_true : n × 1 vector, established reference
clustering result
Output : error E where 0 ≤ E ≤ 1
A_test← n× n zero matrix
A_true← n× n zero matrix
k_test ← number of clusters in c_test
k_true← number of clusters in c_true
for all k from 1 to k_test do

current_cluster ← list of vertices i such that c_test(i) = k
for all i, j in current_cluster do

A_test(i, j)← 1
end for

end for
for all k from 1 to k_true do

current_cluster ← list of vertices i such that c_true(i) = k
for all i, j in current_cluster do

A_true(i, j)← 1
end for

end for
E ← (sum of elements of |A_test− A_true|) / n2
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Fig. 4. The hierarchical tree after applying Eb&D on the relation network of ten parties of the Slovene Parliament in 1994.

4.2.2. Evaluation results
It is worth noting that we use the original noiseless graph G as the reference. However, as sparsity ρ decreases and noise

ϵ increases, it may be the case that toomuch relationships between entities have beenmissed or changed that the reference
clustering is no longer themost desired clustering. Thus, in the following experiments, the value of ϵ is chosen up to 0.5, and
when ϵ’s value gets bigger, the value of ρ should get big simultaneously such that enough ‘‘true’’ information are reserved
and the reference are still reliable.

Firstly, we generate smaller signed networks with 10 clusters of size (20, 20, 20, 20, 20, 10, 10, 10, 10, 10) respectively.
Considering there are two parameters ρ and ϵ when generating the networks, for each fixed noise value ϵ ∈ [0.1, 0.5], we
generate 100 networks each with a random ρ value, and calculate the average error as the ‘‘error rate’’ corresponding to the
fixed ϵ. The results are plotted in Fig. 5(a). We can see that Eb&D performs better than S-Graclus clustering algorithm.

Next we generate bigger signed networks with 5 cluster of size {200, 200, 200, 200, 200} respectively. We generate 100
signed networks for each noise value ϵ ∈ [0.1, 0.3]with fixed sparsity ρ = 0.3, and also generate 100 signed networks for
each noise value ϵ ∈ [0.35, 0.5]with fixed sparsityρ = 0.5, and calculate the average error as the ‘‘error rate’’ corresponding
to the fixed ϵ. The results are plotted in Fig. 5(b) and (c). We can see that for thesemedian size data sets, Eb&D also performs
better than S-Graclus clustering algorithm.

4.3. The influences of α and β on the performance of Eb&D

Parameters α and β are user-specified to control the density and the ratio of negative edges of final clusters respectively.
In Eqs. (3) and (4), we give a guide for their default values. But of course, one can define α and β as they desire. In the
following we will show that it is more reasonable to use the default values than random values.

We generate 100 signed networks for each noise value ϵ ∈ [0.1, 0.5], and each of the 100 signed networks is with a
random sparsity ρ value. For each signed network, we compute the error rate of Eb&D algorithm with the default values of
α and β , and also compute the error rate of Eb&D algorithmwith two randomly chosen values of α and β from [0, 1]. Results
are shown in Fig. 6. When ϵ ∈ {0.1, 0.3}, Eb&D algorithm with default values of α and β always performs better than that
with random values; when ϵ ∈ {0.4, 0.5}, Eb&D algorithm with default values of α and β still performs better most of the
time.2 These experiments prove the validity of our strategy of choosing values of α and β according to Eqs. (3) and (4) based
on the input graph.

4.4. Advantage and disadvantage of Eb&d algorithm

Experiments have showed that Eb&d provides accurate results for both benchmark data sets and also generated data sets.
For example, for the sixteen tribal groups of the Eastern Central Highlands of New Guinea, the S-Graclus algorithm returned
the clustering (1, 2, 15, 16), (3, 4, 6, 8, 11, 12), and (5, 7, 9, 10, 13, 14), where 7 was misplaced, while Eb&D returned an
accurate result.

Beyond Eb&d’s accuracy, the biggest advantage of Eb&D clustering algorithm is that it does not need the number of final
clusters k in advance. For other most existing algorithms (such as S-Graclus), k should be known prior, but in practice, it is
hard to predict k beforehand.

The biggest disadvantage of Eb&d Algorithm is time-consuming for very large networks. During its process, it requires
to calculate the edge-betweenness of each subgraph (needed to partition) at each iteration of Step 3, which costs a lots of
time for very large network. But for small or median size networks, Eb&D Clustering Algorithm can return more accurate
results.

2 Note that when ϵ ∈ {0.4, 0.5}, the reference results are not reliable any more.
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(a) For smaller data sets.

(b) For bigger data sets with fixed ρ = 0.3.

(c) For bigger data sets with fixed ρ = 0.5.

Fig. 5. Error rate tested on synthetic data sets (with respect to number of misplaced vertices) of Eb&D and S-Graclus algorithms.
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(a) ϵ = 0.1. (b) ϵ = 0.2.

(c) ϵ = 0.3. (d) ϵ = 0.4.

(e) ϵ = 0.5.

Fig. 6. Error rates tested on 100 synthetic data sets of Eb&D with default values and randomly choosing values of α and β respectively.
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5. Conclusions

In this paper, we propose a new clustering method for signed networks, called Eb&D, which takes both the density and
the edge-betweenness of edges of a subgraph into consideration. Eb&D algorithm is polynomial, and can provide accurate
clustering results for small or median size networks, but we admit it is time-consuming for very large networks since it
need to calculate the edge-betweenness. The biggest advantage of Eb&D is that it does not need the number of clusters in
prior, while most current algorithms need the number of clusters k in advance as an input. Thus, Eb&D Clustering Algorithm
should be more applicable for networks in which it is hard to predict the number of clusters.
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