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ABSTRACT
We propose a method (CoViFlowPro) for the visualization of
a community of a node based on the results of a flow prop-
agation algorithm (FlowPro) [15]. FlowPro computes the
community of a node in a network without the knowledge of
the structure of the entire graph resulting at the same time
to a metric that is related with the probability of a node
belonging to the requested community. In this work, we
use this metric to visualize the community of a node on the
curve of the Archimedean spiral. The novelty of CoViFlow-
Pro is the fact that the proposed community visualization
method is local and it does not require the knowledge of the
entire graph as most of the existing visualization methods
from the literature. Moreover, it visualizes the community
of a node taking into account the significance of the node
membership.

Categories and Subject Descriptors
Information Systems Applications [Web applications]: So-
cial networks

Keywords
Community visualization, complex networks, community de-
tection, belief propagation

1. INTRODUCTION
Social networks in various application domains present an
internal structure, where nodes form groups of tightly con-
nected components which are more loosely connected to the
rest of the network. These components are mostly known as
communities. Various applications like finding web commu-
nities, detecting/analyzing/visualizing the structure of so-
cial networks are just some for which community detection
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is important [18]. Various methods exist to identify commu-
nities: Some algorithms follow an iterative approach starting
by characterizing either the entire network, or each individ-
ual node as community, and splitting [12] or merging [9] com-
munities respectively, producing a hierarchical tree of nested
communities, called dendrogram. Several researchers aim
to find the entire hierarchical community dendrogram [12]
while others wish to identify only the optimal community
partition [4]. More recently used approaches aim to identify
the community surrounding one or more seed nodes [19].
Some researchers try to discover distinct (non-overlapping)
communities, while others allow for overlaps between com-
munities [10].

A distributed community detection algorithm (SCCD) that
detects the entire community structure of a network based
on interactions between neighboring nodes is proposed in
[17, 18]. Extensive experiments on several benchmark graphs
with known community structure and real graphs show that
SCCD gives high performance results. In addition, SCCD
has been used on the interactive image segmentation prob-
lem [16] outperforming other methods from the literature.

The graph visualization problem has been extensively stud-
ied in the literature and several method have been proposed
to visualize large graphs [2] with applications on social and
biological networks. The main goal of most of these methods
is to reduce the overall edge crossings [3]. One of the most
popular and widely available methods for social network vi-
sualization is the spring embedder variant of [5]. This is a
force-directed algorithm in which a graph is a physical sys-
tem of objects (the vertices) and springs (the edges) bind
adjacent vertices together. Vertices are iteratively reposi-
tioned according to the forces of springs, as the physical
system is stabilized. In [8], the authors present an edge
bundling method that uses a self-organizing approach to
bundling in which edges are modeled as flexible springs that
can attract each other. The resulting no hierarchy-bundled
graphs have clearly visible high-level edge patterns. In [7],
a customized technique for identifying and visualizing com-
munity structures in social networks has been proposed that
is called Vizster. Vizster presents social networks using a
node-link representation, where links represent the articu-
lated “friendship” relations between the members (nodes)
of the system. The network layout is computed using a
spring-embedding method, in which nodes repel each other
and edges act as springs, which has the advantage of group-
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Figure 1: Two examples of Archimedean spirals with
(a) a = b = 1 and (b) a = 5, b = 2.

ing users into identifiable communities based upon increased
connectivity. Vizster also includes tools for the automatic
determination of community structure using Newmanś com-
munity identification algorithm [12].

In [14], the FlowPro method is proposed that solves the sin-
gle community detection problem without the knowledge of
the entire graph structure. This makes possible the applica-
tion of FlowPro in extremely large graphs or in cases where
the graph is not given. According to the problem formula-
tion of FlowPro, the probability of a node belonging to the
requested community is analogous to its stored flow. So,
the stored flow can be used as a belief (rating) of a node
belonging to the community. In this work, the proposed
method (CoViFlowPro) visualizes the community of a node
on the Archimedean spiral [6] based on the stored flow fea-
ture. Therefore, a user of a social network for which the
entire graph is unknown, is possible to use CoViFlowPro,
in order to visualize his own community. The neighbors
and the bridges of the initial node are depicted with dif-
ferent color and shape. To our knowledge CoViFlowPro is
the first algorithm in the literature that visualizes a single
community without the knowledge of the entire graph struc-
ture. Therefore, the main goal of this work is not to analyze
the structure of the whole social network, but to provide a
useful tool for a simple user of a social network, which is
impossible to know the entire graph structure, to visualize
his community. So, this is the main reason that the pro-
posed visualization method uses FlowPro, since FlowPro is
able to work when the entire graph structure is unknown.
In addition, the Archimedean spiral can be combined with
any community detection method which is able to provide a
“belief” of a node belonging to the community.

2. METHODOLOGY
This section, presents the CoViFlowPro method. We start
by briefly analyzing the FlowPro method that is firstly ex-
ecuted. Let G = (V,W ) be a graph comprising a set V
of nodes together with a set W of edge weights. Accord-
ing to the problem definition of local community detection,
the initial node (s ∈ V ) is given and the goal is to find the
set of nodes C(s) that belong to the community of s, with
C(s) ⊇ {s}. Therefore, FlowPro requires as input the initial
node (s ∈ V ) that searches for its community. This node has
an initial flow for propagation T (s) = |n(s)|. More details
for this method can be found in [14, 15]. The main steps of
the method are described hereafter:

• In each iteration of the main process of FlowPro, the
initial node propagates a flow that is shared among its
neighbors.

• Each node x is able to store, propagate to its neighbors,
and return part of this flow to the initial node. The
stored flow of node x (S(x)) is used to visualize the
community C(s).

• Finally, when the algorithm converges, the flow stored
at the nodes that belong to the community of the ini-
tial node is generally higher than the flow stored in
the rest of the graph nodes resulting to the requested
community.

• Based on the stored flow S(x), FlowPro has the extra
ability of removing and adding edges to s in order to
increase the distance for nodes x that do not belong to
C(s) (e.g. removing bridges) and to decrease the cor-
responding distance for nodes x that belong to C(s),
respectively. This property increases the converge and
the performance of FlowPro.

Hereafter, a detailed description of the subsequent steps of
CoViFlowPro algorithm is given. The goal of CoViFlow-
Pro is to visualize the nodes that belong on the set V (s) =
C(s) ∪ N(s), where C(s) is the community of the node s
according to the FlowPro method and N(s) is the set of the
neighbors of s. Initially, the nodes of V (s) are classified into
the following three sets G1(s) (neighbors of node s and mem-
bers of C(s)), G2(s) (non-neighbors of node s and members
of C(s)) and G3(s) (neighbors of node s and non-members
of C(s)):

G1(s) = {u ∈ V (s) : u ∈ C(s) ∩N(s)} (1)

G2(s) = {u ∈ V (s) : u ∈ C(s) ∩N(s)} (2)

G3(s) = {u ∈ V (s) : u ∈ C(s) ∩N(s)} (3)

where C(s) is the subset of the nodes of V (s) that do not

belong to C(s) and N(s) is the subset of the nodes of V (s)
that do not belong to N(s). This classification is used in or-
der to discriminate the neighbors (G1(s)), non-neighboring
members (G2(s)) of C(s) and the bridges of the initial node
s, (G3(s)), so that they are visualized differently. The nodes
of G1(s) are depicted with blue circles, the nodes of G2(s)
are depicted with red circles and the nodes of G3(s) are de-
picted with gray squares.

Subsequently, the nodes of set V (s) are placed on the Archimedean
spiral [6], according to their stored flow. An Archimedean
spiral is characterized by a fixed arm width along its wind-
ings. The spiral function can be written in polar coordinates
as follows:

r(u) = a+ b · θ(u) (4)

where θ(u) is computed by the stored flow S(u) of node
u. a and b are the two parameters of the spiral that con-
trol the minimum radius of the spiral and the distance be-
tween successive turnings, respectively. Fig. 1 depicts two
Archimedean spirals with a = b = 1 and a = 5, b = 2. In
both examples it holds that θ ∈ [0, 6π]. In our experiments
we have used a = 5 and b = 2. The nodes of set V (s) are
sorted in descending order according to their stored flow.



The nodes are also plotted with the same order. Therefore,
θ(u) is computed based on θ(u−1) according to the following
Equation 5.

θ(u) = θ(u− 1) + 2π
S(u− 1)− S(u)

S(1)
+

π

r(u− 1)
(5)

where θ(1) = 0. The quantity 2π S(u−1)−S(u)
S(1)

is related to

the position of node u on the Archimedean spiral. S(1) is
the maximum value of the stored flow. It holds that the
nodes that have high flow stored, which means that they
have high probability to belong to the community, are plot-
ted close to the origin, while the rest of the nodes and espe-
cially the bridges are plotted farther from the origin. Finally,
the quantity π

r(u−1)
is added in order to avoid intersections

between the nodes of almost equal stored flow.

3. EXPERIMENTAL RESULTS
The proposed method has been tested on a variety of 208
benchmark graphs with known community structure as well
as on several real graphs. The benchmark graphs have been
also used in community detection algorithms FlowPro [15]
and SSCD [18], since the ground truth communities of these
graphs are known. These benchmark graphs were generated
randomly given the following set of parameters: The number
of nodes N of the graph, the number of communities Comm
of the graph, the (average) degree of nodes degree and the
ratio of local links (intra-community links) to node degree
local/degree. The real graphs are obtained from [11], [1]. A
demonstration of the proposed method is given in [13].

−40 −30 −20 −10 0 10 20 30
−30

−20

−10

0

10

20

30

40

 

 

3636

29

23

7 22 21
32

34

18

11

10

2

39

28

4
16

2540

35

1

6

27

33

30

9 14

47

20

4131

42

46

12

5
38

26

45

4419
13

15

24

3

37

8

17

43

704

841

369

860
304667581871

490
220

137

867

961

938

960

s
G

1
(s)

G
2
(s)

G
3
(s)

Figure 2: An example of visualization results of
CoViFlowPro method on a synthetic graph.

Figs. 2 and 3 show three results of the CoViFlowPro on
a synthetic (Fig. 2) and two real graphs (Figs. 3(a) and
3(b)). On the synthetic graph, the error between the result-
ing community of the FlowPro and the ground truth data
is less than 3%. According to the CoViFlowPro visualiza-
tion rules, the community members are depicted with blue
circles if they are neighbors of s (G1(s)), otherwise they are
depicted with red circles (G2(s)). The bridges are depicted
with gray squares.

In Fig. 2, a synthetic graph with N = 1000, Comm = 10,
degree = 20 and local/degree = 0.65 has been used. In
this example the community size is 48 nodes. The initial

node (s = 36) has 39 neighbors. Fourteen of them are de-
tected as bridges. According to CoViFlowPro, only 2 out
of the first 10 most important nodes of the community of
s are also neighbors of s, while the node with the highest
belief to belong to C(s) has label 47. Concerning the struc-
ture of C(s) that can be determined by visually observing
(without thresholds) the largest angle distances between suc-
cessive nodes in the spiral, we can group community nodes
into three categories, the strong community nodes, which be-
long to the community with very high belief: the first three
nodes (47, 20 and 41), the medium community nodes: the
next 43 nodes, and finally, the weak community nodes, which
belong to the community with low belief: the last 4 nodes
(9,43,14,704).

In Fig. 3(a), the undirected real graph ego-Facebook [11]
with 747 nodes and 30.025 edges has been used. In this
example the detected community has 67 nodes. The initial
node (s = 21) has 54 neighbors. Two of them are detected as
bridges. According to CoViFlowPro, it seems that five out
of the first ten most important nodes of the community of
s are also neighbors of s. Concerning the structure of C(s),
it seems that C(s) is very compact, since only the last three
nodes of the community (209, 509 and 70) can be classified
as weak community nodes. In Fig. 3(b), the directed real
graph Wiki-Vote [1] with 7.115 nodes and 103.689 edges has
been used. In this example the detected community has 52
nodes. The initial node (s = 42) has 44 neighbors. Two
of them are detected as bridges. According to CoViFlow-
Pro, it seems that the first eighteen most important nodes
of the community of s are also neighbors of s. Concern-
ing the structure of C(s), it seems that the community is
not compact. The first twenty nodes of the community are
strong community nodes, while the rest can be classified as
weak community nodes.

4. CONCLUSIONS
We presented a community visualization algorithm which is
based on a flow propagation method and on the Archimedean
spiral. The stored flow of FlowPro method has been used as
a belief that a node belongs to the community. The novelty
of the proposed approach is the fact that CoViFlowPro is
local, fully distributed, and it does not require the knowl-
edge of the entire graph as many of the existing methods in
the literature. Thus, the application of CoViFlowPro is pos-
sible in extremely large graphs or in cases where the entire
graph is unknown like in most social networks presenting
well the community structure and detecting bridges of the
initial node.The proposed algorithm has been tested on a
large number of synthetic graphs with known community
structure and in graphs derived from real social networks
proving its effectiveness. In our experimental results we
show that the visualization of C(s) is quite helpful in the
analysis of the community structure. Under different com-
munity structures and sizes, the use of Archimedean spiral
provides an efficient way to visualize the community and it
can be also combined with any community detection method
that provides a “belief” of a node belonging to the commu-
nity.
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Figure 3: Two examples of visualization results of CoViFlowPro method on real graphs.
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