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Abstract — Identifying the nodes with largest spreading influence is of significance for information
diffusion, product exposure and contagious disease detection. In this letter, based on the local
structural similarity, we present a method (LSS) to identify the multiple influential spreaders.
Firstly, we choose the node with the largest degree as the first spreader. Then the new spreaders
would be selected if they belong to the first- or second-order—neighbor node set of the spreaders
and their local structural similarities with other spreaders are smaller than the threshold parame-
ter . Comparing with the susceptible-infected-recovered model, the experimental results for four
empirical networks show that the spreading influences of spreaders selected by the local struc-
tural similarity method are larger than that of the color method, the degree, betweenness and
closeness centralities. The further experimental results for the Barabasi-Albert and random net-
works show that the LSS method could identify the multiple influential spreaders more accurately,
which suggests that the local structural property plays a more important role than the distance

for identifying multiple influential spreaders.

Copyright © EPLA, 2017

Introduction. — Identifying the influential spreaders
is of significance for preventing epidemic spreading [1-3],
controlling cascading failures in electrical power grids and
Internet [4], which has attracted a great deal of attention
in many fields [5-9]. So far, there are lots of methods
presented to identify the influential spreaders in networks
such as the degree [10,11], betweenness [12,13], eigenvec-
tor [14], closeness [15], k-shell decomposition [16-18], and
so on [19-22]. Meanwhile, multiple influential spreader
identification has attracted lots of attention. Hu et al. [23]
identified the multiple influential spreaders in community
networks and found that the distance among spreaders
plays an important role. Rodriguez et al. [24] argued that
large distance with higher densities could locate influential
nodes and proposed a method to identify the influential
spreaders. By taking the distance between spreaders into
consideration, Zhao et al. [25] introduced the graph col-
oring to identify the influential spreaders. Guo et al. [26]
proposed an improved distance-based coloring method to

(2)B-mail: liujg004@ustc.edu.cn

identify influential spreaders. Morone et al. [27] mapped
the influence maximization into the optimal percolation
problem to identify the minimal influential node set, which
provides a theoretical framework to identify the influential
spreaders. However, the distance calculation for larger-
scale networks is very time-consuming and the threshold
of the percolation method is hard to predefine. Besides
the distance information, the local structural similarity
also contains important information for measuring the re-
lationship between each pair of spreaders, which can affect
the performance of multiple spreaders.

Inspired by this idea, by introducing the local structural
similarity, we present a method, namely the local struc-
tural similarity (LSS) method, to identify multiple influ-
ential spreaders. Specifically, we firstly choose a node with
the largest degree as the first spreader. Then for the next
target spreader who locates in the first- or second-order—
neighbor node set of each existing spreader, we calculate
its local structural similarities with each existing spreader.
A node would be regarded as a new spreader only if its
local structural similarities with all existing spreaders were
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smaller than the threshold parameter r. The experimen-
tal results of the LSS method for four empirical networks
show that this method can identify the influential spread-
ers more accurately than the ones generated by the color
method, degree, betweenness and closeness centralities.

The local structural similarity method. — Nor-
mally, an unweighted network G = (N, E') with N nodes
and FE links could be described by an adjacent matrix
A = {ai;, }, where a;; = 1 if node 7 is connected by node
j, and a;; = 0 otherwise [28]. Some scientists quanti-
fied a nodes’ influence only accounting for its local sur-
roundings [10,11], whose degree is introduced in this letter.
In this letter, the LSS method is constructed as follows.
Firstly, we choose a node with the largest degree to be the
first spreader. Then for a target node belonging to the
first- or second-order—neighbor node set of each existing
spreader, we calculate its local structural similarity values
with all existing spreaders. Finally, the target node would
be chosen as a new spreader when its local structural sim-
ilarity values with all existing spreaders are smaller than
the threshold . When the selection process stops, multi-
ple influential spreaders can be obtained.

For a target node 4, the local structural similarity value
s;; with the existing spreader j can be defined as

IIARY]
Sij = TJ, (1)
where | - | denotes number of nodes, k; is the degree of

node 7, P; denotes the nearest-neighbor node set of node .
When nodes i and j are connected, I'; denotes the first-
order—neighbor node set of node j, while when node 17 is
the second-order neighbor of node j, I'; denotes the first-
and second-order neighbors of node j. Since the com-
putation complexity of the LSS method would be very
time-consuming when the distance between nodes ¢ and j
is larger than three, in this letter, we only take into ac-
count the case in which node i is one of the first- and
second-order neighbors of node j.

The details of the presented LSS method are as follows:

Step 1: Ranking nodes in descending order in terms of
the node degree, such that k; > ko > -+ > ky, where k;
denotes the degree of node i. The node at the top position
of the degree ranking list is set as the first spreader,

Step 2: A new node i, locating in the first- or second-
order—neighbor node set of all existing spreaders, is re-
garded as a new spreader if the local structural similarity
s;; between node ¢ and all existing spreaders j is smaller
than the threshold 7r;

Step 3: The chosen process will stop until there are no
nodes locating in the first- or second-order—neighbor node
set of the existing spreaders and and their local structural
similarities are smaller than the threshold r.

Step 4: For all selected spreaders, the n nodes at the
top of the list in terms of the selection process will be set
as the initial spreaders.

From the local structure similarity s;; and threshold pa-
rameter r, one can find that, when the structural similar-
ity threshold is set as r = 1, the multiple spreaders chosen
by the LSS method degenerate to the method in terms of
the node degree. The closer to 0 the structural similarity
threshold r is, the larger the structural differences among
the spreaders are. The traditional methods are given as
follows.

The coloring method.  As known, for the graph color-
ing problem, the four-color theorem states that, given any
plane graphs, no more than four colors are required to
color the regions of the plane graph so that any two adja-
cent regions do not share the same color [29-31]. By tak-
ing the graph coloring problem into consideration, Zhao
et al. [25] introduced the color method, namely the in-
fluential spreader (IS) method, to identify the influential
spreaders. The main steps of the traditional IS method are
as follows. Firstly, a network G = (N, E) which could be
described by an adjacent matrix A = a;;, where a;; = 1
if node ¢ is connected with node j, is colored with the
rule that any two adjacent nodes do not share the same
color [32]. When the coloring process ends, each node cor-
responds to a kind of color. Secondly, the nodes with the
same color are classified as an independent set. Finally,
the nodes at the top positions of the ranking list in the
same color set are chosen as multiple spreaders.

The degree centrality. The node degree k; is defined
as the number of neighbors of node 7, namely

N
ki = E g,
j=1

where a;; is the element of matrix A. Degree centrality
can be a good measure in evaluating nodes’ spreading in-
fluences. It is widely applied for its simplicity and low
computational cost [13].

(2)

The betweenness centrality. The betweenness central-
ity measures the number of the shortest paths from a node
to all others that pass through that node in a complex net-
work [12], which could be denoted by

7
Nt
E ’
Nst

sF#£IF£L

B; = 3)

where ng is the number of the shortest paths between
nodes s and t, and n’, denotes the number of the shortest
paths between s and t which pass through node i.

The closeness centrality.  The closeness centrality of
a node 7 is defined as the reciprocal of the sum of the
shortest distances to all other nodes [15], which can be

defined as v
N
Ci = Rl
Z di;
Jj=1

where IV is the number of nodes and d;; is the distance
between node 7 and node j.

(4)
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Table 1: Basic statistical features of the Ca-GrQc, Routers,
Soc-hamsterster and Polblogs networks, including the num-
ber of nodes N, the number of edges F, the average degree
(k) = & Ziv k; and the average distance between each pair of
nodes (d).

Network N E (k) {(d) B.= %
Ca-GrQc 4158 13422 6.46 6.05 0.06
Routers 2113 6632 6.28 4.61 0.05
Soc-hamsterster 2000 16097 16.09 3.59 0.02
Polblogs 643 2280 7.09 3.83 0.04

The eigenvector.  The eigenvalue was considered as
the importance of a node is not only determined by itself,
but it is also affected by its neighbors. Accordingly, the
eigenvector centrality of node i, EC}, is defined as

1 N
ECl = X ;aijej, (5)

where EC = (eq,e2, -+ ,e,)T, EC is the eigenvector of
the adjacent matrix A corresponding to the largest eigen-
value \.

The average shortest path length.  The average short-
est path length Ly among each pair of selected spreaders
is also used to analyze the structural property of spreaders
obtained by different methods, which is defined as

1
Ls = T aN du,v7
Is|(s| = 1) 2

u,vES

uFv

(6)

where s is the selected spreader set, |s| denotes the number
of spreaders in s and d, , is the shortest distance between
spreaders u and v.

In the following, we compare the performance of the
LSS method and the traditional methods.

Experimental results. — Four empirical networks
are introduced, including the Ca-GrQc, Routers, Soc-
hamsterster and Polblogs networks. The Ca-GrQc net-
work is a collaboration network in which node and
link represent the individual and scientific collabora-
tion. The Routers network is a technological network
where the link represents the communication between dif-
ferent routers. The Soc-hamsterster network is a so-
cial network that the link represents the friendship and
family link. And the Polblogs network is a communi-
cation relationship network. The node represents the
owner blog and the link represents the communication.
The four data sets can be accessible from the web site
http://networkrepository.com/. The statistical prop-
erties of the four empirical networks are shown in table 1.

The spreading model. We employ the susceptible-
infected-recovered (SIR) [33] model to simulate the

015 Routers

V4
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n

Soc-hamsterster

0.0
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n n
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Fig. 1: (Color online) The spreading influence Rg; of spread-
ers to different spreaders n for four networks at the optimal
threshold r, where the optimal structural similarity threshold
ris 0.6, 0.6, 0.7, 0.8 for the Ca-GrQc, Routers, Soc-hamsterster
and Polblogs networks, respectively. The results are averaged
over 1000 independent runs with the spreading rate 8 = 0.01
and pu = 0.1.

spreading process. In the SIR model, the nodes have
three states [34]: i) susceptible individuals represent the
individuals (not yet infected) who are likely to be in-
fected; ii) infected individuals represent individuals who
have been infected and are able to spread the disease to
susceptible individuals; iii) recovered individuals represent
individuals who have been recovered and will never be in-
fected again. In each time step, we denote that all nodes
are initially susceptible only except for the initial nodes.
And then the infected nodes start to infect their suscepti-
ble neighbors with the spreading rate 3, and the infected
node can become susceptible in one time step with the
probability p. Finally, if the spreading process reaches
the steady state, the number of nodes generated by the
initially infected node including the initially infected node
is defined as the spreading influence of the target node,
which is denoted by Rg;.

Results and analysis.  We compare the performance of
the LSS method in the SIR model with the performance
of the color method, the degree, betweenness and close-
ness centralities for four empirical networks. Figure 1
shows the spreading influence Rg; of multiple spreaders
for different numbers of spreaders n. One can find that
for Ca-GrQc, Routers, Soc-hamsterster and Polblogs net-
works, the spreading influence Rg; of the LSS method
is larger than the ones obtained by the color method,
the degree, betweenness and closeness centralities, indi-
cating that the LSS method performs better than other
methods. Specifically, for the Ca-GrQc network, when
the number of spreaders n = 100 and the effective trans-
mission rate A = 0.1, the spreading influence Rg; of the
LSS method can reach 0.138, while the ones of the color
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Fig. 2: (Color online) The spreading influence Rgy of spreaders
for different threshold parameter r. The parameter n is set as
the number of spreaders which is selected from the spreader list
accordingly. The results are averaged over 1000 independent
runs with the spreading rate 5 = 0.01 and p = 0.1.
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Fig. 3: (Color online) The average shortest path length L.
among spreaders obtained by the LSS method, color method,
the degree, betweenness and closeness centralities.

method, degree, betweenness and closeness centralities are
0.120, 0.068, 0.107, 0.083. The same results can be ob-
tained from fig. 1 for Routers, Soc-hamsterster and Pol-
blogs networks. For larger spreading rate 3, the spreaders
generated by the LSS method have larger influence than
the ones obtained by other methods.

Furthermore, we analyse the impact of the structural
similarity threshold r on the performance of the LSS
method in the SIR model. From fig. 2, one can find that
the spreading influence of the LSS method increases to the
largest value with the structural similarity threshold r and
then decreases. There is an optimal structural similarity
threshold r to the maximum the spreading influence Rg;.
Specifically, the optimal structural similarity threshold r
is 0.6, 0.6, 0.7, 0.8 for Ca-GrQc, Routers, Soc-hamsterster
and Polblogs networks, respectively, which indicates that
there is an optimal structural similarity threshold r for
different networks.

Figure 3 shows the average shortest path length L
between the spreaders obtained by different methods,
from which one can find that, for Ca-GrQc, Polblogs

0 20 40 e 80 100
n

Polblogs, B=0.01
13} Polblogs, B

oM w0 T w0 0 20 40 e 80 100 o W e s e

—o— Degree —o— LSS —-— Betweenness —v— Closeness —— Color —+— Eigenvector

Fig. 4: (Color online) The spreading influence Rg; of spreaders
for different spreading rates § = 0.01, 8. = 0.04 and § = 0.07
for the Polblogs data set, from which one can find that the
spreading influence Rg; outperforms other indices for different
parameters n and [3.

and Routers networks, the distances between each pair
of spreaders obtained by the LSS method are larger than
the ones of degree, betweenness and closeness centralities,
but smaller than the ones obtained by the color method.
While for the Soc-hamsterster network, the distances be-
tween each pair of spreaders gotten by the LSS method
are larger than the ones of other methods, which indi-
cates that the structural similarity among spreaders plays
a more important role than the distance for choosing mul-
tiple influential spreaders.

The analyses for the four empirical networks show that
the LSS method performs better than the color method,
the degree, betweenness and closeness centralities. In ad-
dition, there is an optimal structural similarity threshold
r where the spreading influence Rg; can reach its max-
imum value. The reason why the LSS method performs
better maybe lies in the fact that the color method fixes
the distances between each pair of spreaders as a constant
value while the LSS method chooses influential nodes de-
pending on the local structural similarity with spreaders.
When two influential nodes are very close, one of these two
nodes cannot be chosen as a spreader by the color method,
while two influential nodes can be regarded as spreaders
simultaneously by considering local structural similarity
with spreaders.

Figure 4 presents the spreading influence Rg; for differ-
ent spreading rates 3, from which one can find that the
LSS method outperforms the color method, degree, be-
tweenness and eigenvector indices for different parameters
(. Take the Polblogs data set as an example, the spreaders
selected according to the LSS could affect more nodes for
different parameters [, including the small spreading rate
£ = 0.01, the threshold §. = 0.04 and the larger spreading
rate 8 = 0.07.

Furthermore, we investigate the performance of the LSS
method for the Erdos-Rényi (ER) network [35] and the
Barabdsi-Albert (BA) networks [7], where the ER net-
work is constructed with the connect possibility p = 0.01
and networks size N = 300, and the BA network is con-
structed with the m = 3 and network size N = 500.
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[ ER network 032 BA network

1
0 25 50 0
n
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Fig. 5: (Color online) The spreading influence Rs; of spread-
ers for different numbers of spreaders n for the Erdés-Rényi
random network and the Barabdsi-Albert scale-free networks
when 8 = 0.01 and = 0.1. One can find that, although
the performances are very close, comparing with the de-
gree, betweenness, eigenvalue and color methods, the spread-
ers identified by the LSS method still have larger spreading
influence Rs;.

The comparisons among the LSS and other methods are
given in fig. 5, from which one can find that, for the syn-
thetic ER and BA networks, the presented LSS method
still has larger spreading influence then other methods.

Conclusion and discussions. — Identifying multiple
influential spreaders in networks is an important task to
control the diffusion process. In this letter, by taking
into account the local structural similarity between each
pair of spreaders, we propose the LSS method to identify
multiple influential spreaders. A target node would be
regarded as a spreader if it belongs to the first or second-
order—neighbor node set of other spreaders and its local
similarities value with other spreaders are smaller than
the threshold r. Comparing with the color method, the
degree, betweenness and closeness centralities, the experi-
mental results for four empirical networks in the SIR and
SI models show that the performance of the LSS method
performs better than the ones of other methods. And for
different networks, each has an optimal structural simi-
larity threshold parameter whose spreading influence can
reach the maximum value. In order to analyze the struc-
tural property of influential nodes, the average shortest
path length is introduced. The empirical results show that
the distance among spreaders obtained by the LSS method
is larger than that of other methods, which suggests that
the local similarity could effectively identify the multiple
spreaders. Furthermore, the effect of the parameter 3 for
the spreading influence Rg; is investigated. The exper-
imental results for the Polblogs data set show that the
performance of the LSS method outperforms the degree,
betweenness, eigenvector and color methods when param-
eter 3 is smaller or larger than the threshold (.. Then we
construct an Erdds-Rényi random network and Barabasi-
Albert scale-free networks. The experimental results for
the random and scale-free networks also show that the
LSS method could identify the multiple spreaders more
accurately.

The node spreading influence is determined not only
by the network structure, but also by the spreading dy-
namics [36,37]. Therefore, in terms of the local structure
information, spreading dynamics is a promising way for

identifying the multiple spreaders. The results of the LSS
method depend on the first-spreader selection. How to
select the first spreader to increase the performance is an
open question. For small threshold r, the distance be-
tween each pair of spreaders would increase, while for large
threshold r, the spreaders would be too close. So it would
be a challenge work to analyze the relationship between
the distance among spreaders and the threshold r. There
are other properties of a network that may affect the per-
formance of the LSS method. For example, the sparsity
and density of a network may affect the performance of the
LSS method. Taking into account the node mobility [38],
how to effectively identify the influential spreaders is an-
other important question. The future work would also
focus on how to analyze the relationship between the net-
work structure and the optimal distance between multiple
spreaders.
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