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How to identify influential nodes in complex networks is an essential issue in the study of network characteristics.
A number of methods have been proposed to address this problem, but most of them focus on only one aspect. Based
on the gravity model, a novel method is proposed for identifying influential nodes in terms of the local topology and the
global location. This method comprehensively examines the structural hole characteristics and K-shell centrality of nodes,
replaces the shortest distance with a probabilistically motivated effective distance, and fully considers the influence of
nodes and their neighbors from the aspect of gravity. On eight real-world networks from different fields, the monotonicity
index, susceptible-infected-recovered (SIR) model, and Kendall’s tau coefficient are used as evaluation criteria to evaluate
the performance of the proposed method compared with several existing methods. The experimental results show that the
proposed method is more efficient and accurate in identifying the influence of nodes and can significantly discriminate the
influence of different nodes.

Keywords: influential nodes, gravity model, structural hole, K-shell
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1. Introduction
With the rapid development of network information tech-

nology, studies on complex networks has attracted attention
in many fields.[1–4] As one of the core elements of a com-
plex network, influential nodes have a significant impact on
the structure and function of the network and are widely stud-
ied and applied, such as inhibiting disease spreading,[5] ru-
mor controlling,[6] information dissemination,[7] and traffic
network analysis.[8]

In different research backgrounds, scientists have pro-
posed many measures to identify the influence of nodes. At
present, degree centrality[9] is the commonly used measure,
which is simple but not accurate. Betweenness centrality[10]

and closeness centrality[11] are based on the number of short-
est paths between nodes and the average shortest distance
respectively, however, the information flow does not always
transmit through the shortest path and its time complexity is
high. Brockman et al.[12] proposed a probabilistically moti-
vated effective distance to replace the shortest distance, which
can effectively mine the dynamic interaction information be-
tween nodes. Kitsak et al.[13] proposed the K-shell decompo-
sition method to determine the locations of nodes in the net-
work, which has low time complexity, however its discrimi-
nation is too coarse. To improve the discrimination, Zeng et
al.[14] proposed a mixed degree decomposition method, which
decomposes K-shell based on the mixing degree of the re-
maining neighbors and the deleted neighbors in the network.

Bae and Kim et al.[15] introduced the concept of neighbor-
hood coreness in their improvement of the K-shell method,
using the sum of K-shell values of nodes and their neighbors to
identify the influence of nodes in the network. Wang et al.[16]

proposed a vector centrality method based on the number of
multi-order neighbor shells, using the form of vectors to repre-
sent the relative influence of nodes in a network. Burt et al.[17]

proposed the theory of structural holes and designed the net-
work constraint index to quantify the constraints that nodes are
subjected to when they form structural holes, which can iden-
tify the bridging nodes in a network. Su et al.[18] proposed a
method based on the structural holes of nodes and their neigh-
bors, which considers both the degree centrality and topology
of nodes and their neighbors and can effectively identify influ-
ential nodes in a network. Yang et al.[19] quantified the com-
plexity of the network based on Tsallis entropy and combined
the structural holes and global location information of nodes
to identify influential nodes in the network.

Gravity model is derived from Newton’s law of gravita-
tion, which can represent the interaction between nodes in a
complex network. If a node has more interaction with oth-
ers, the node should be more influential. Based on gravity
model, Li et al.[20] considered both neighborhood informa-
tion and path information to identify influential nodes. Ma et
al.[21] proposed a gravity model that regards the K-shell value
of each node as its mass. Yan et al.[22] proposed a method to
identify influential spreaders based on entropy weight method
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and gravity law.
Based on the above research works, we propose a novel

method for identifying influential nodes in complex networks
based on gravity model, called EGMS. The EGMS method
considers both the local topology and the global location of
nodes in a network. In the EGMS method, the K-shell cen-
trality is used to reflect the global location of nodes and the
structure hole characteristics are used to represent the local
topology of nodes. At the same time, to simplify the spa-
tiotemporal complexity of a network and mine the implicit
dynamic information in a network, the shortest distance is
replaced by a probabilistically motivated effective distance.
Then this method fully considers the influence of nodes and
their neighbors from the aspect of gravity. By using the mono-
tonicity index, susceptible-infected-recovered (SIR) model,
and Kendall’s tau coefficient as evaluation criteria, we com-
pare the proposed method with seven existing identification
methods on eight real-world networks. The experimental re-
sults show the excellent performance of the proposed method
and the relationship between different methods.

The structure of this paper is as follows. In Section 2, we
briefly introduce several existing identification methods and
the concept of effective distance. In Section 3, a novel method
for identifying influential nodes in complex networks based on
gravity model is then proposed and presented. In Section 4, the
details and results of experiments are then presented. Finally,
conclusions will be given in Section 5.

2. Preliminaries
Given a complex network G= (V,E), where V and E rep-

resent the set of nodes and edges in G respectively. n and m are
the number of nodes and edges. The adjacency matrix of net-
work G is denoted as An×n = (ai j)n×n, where ai j = 1 if there
is a connective relationship between node vi and node v j, and
ai j = 0 otherwise.

2.1. Degree centrality

Degree centrality[9] (DC) is a simple measure for identi-
fying influential nodes. The more DC a node possesses, the
more influential it is. It is defined as follows:

DC(i) =
n

∑
j=1

ai j = ki, (1)

where ki is the degree of node vi. Hence node vi’s degree of
next-nearest neighbors is Q(i) = ∑ω∈Γ (i) kω , where Γ (i) is the
set of vi’s nearest neighbors.

2.2. Betweenness centrality

Betweenness centrality[10] (BC) focuses on the degree of
clustering of the shortest path through a node. It is defined as

follows:

BC(i) = ∑
s 6=i6=t

σ i
st

σst
, (2)

where σst is the number of shortest paths between nodes vs and
vt in the network, and σ i

st is the number of those shortest paths
that go through node vi.

2.3. Closeness centrality

Closeness centrality[11] (CC) is defined as the reciprocal
of the sum of the shortest distances between a node and all
other nodes in the network. It is expressed as follows:

CC(i) =
1

∑
n
j=1 di j

, (3)

where di j denotes the shortest distance between nodes vi and
v j.

2.4. Mixed degree decomposition method

Mixed degree decomposition (MDD) method was pro-
posed by Zeng et al.,[14] it effectively improves the discrimina-
tion of the K-shell decomposition process by simultaneously
considering the remaining degree value kr

i and the removed
degree value ke

i of the node, which is defined as follows:

ksi = kr
i +λke

i , (4)

where λ is an adjustable parameter in range [0, 1], the MDD
is consistent with the K-shell decomposition method if λ = 0,
and it is equivalent to degree centrality if λ = 1. In this paper,
we set the parameter λ = 0.7 consistent with Ref. [11].

2.5. Structural holes theory

Structural hole theory was put forward by Burt in
1992 when he studied the competitive relationship in social
networks.[17] In social networks, structural holes refer to non-
redundant relationships between individuals, and there is a gap
in complementary information. In order to quantify the con-
trol of the structural hole nodes on these relationships, Burt
uses the network constraint index (NC) to measure the con-
straints formed by the nodes in the structural hole. The node is
more likely to form structural holes if the index is smaller, and
the influence of the node is greater. The network constraint
index of node vi is defined as follows:

RCi = ∑
j

(
Li j + ∑

q(6=i, j)
LiqLq j

)2

, (5)

where node vq is the common neighbor node of node vi and
node v j and Li j denotes the weight ratio of node v j to all of
node vi’s neighbors. In order to make the influence of node
vi monotonically incremental to its network constraint coeffi-
cient, the network constraint index of node vi can be further
calculated as follows:

NCi = 1−RCi. (6)
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When calculating the network constraint index of node vi, con-
sidering the degree of the node and its neighbors, as well as the
topological structure of the node, the weight ratio Li j can be
defined as follows:

Li j =
Q( j)

∑υ∈Γ (i) Q(υ)
. (7)

2.6. Gravity model

Gravity model[20] (GM) is inspired by Newton’s law of
gravity, and it identifies influential nodes by considering both
degree centrality and the shortest distance, which is defined as
follows:

GM(i) = ∑
j 6=i

kik j

d2
i j
. (8)

2.7. Effective distance

Effective distance[12] (Edis) was proposed by Brockmann
and Helbing in 2013 when studying the impact of complex
networkdriven on the spreading process of epidemic diseases.
Unlike conventional geographic distance and the shortest path
distance, effective distance is a probabilistically motivated ab-
stract distance. In the network where information flow is the
interaction, it can effectively measure the mutual influence be-
tween nodes. The effective length d j|i from node vi to a di-
rectly connected node v j is defined as follows:

d j|i = (1− logPj|i)≥ 1, (9)

where Pj|i denotes the ratio of information flow from node vi

to node v j, which can be calculated as follows:

Pj|i =
ai j

ki
, (i 6= j), (10)

where ki denotes the degree of node vi in the undirected net-
work and the out-degree of node vi in the directed network,
ai j is the element in the adjacency matrix An×n. For indi-
rectly connected node vi and node v j, the effective length be-
tween them will be transmitted along the shortest path, e.g.,
d j|i = dk|i +d j|k like form.

The effective distance is defined by the shortest one of all
effective lengths from node vi to node v j, which is expressed
as follows:

D j|i = min
Γ

λ (Γ ), (11)

where λ (Γ ) and Γ denote the set of all effective lengths and
the sum of all the probably paths from node vi to node v j re-
spectively. Usually, in the real-world networks, the d j|i 6= di| j
and D j|i 6= Di| j.

3. Proposed method
3.1. The EGMS method

Based on the gravity model, a novel method is proposed
for identifying influential nodes in terms of the local topol-
ogy and the global location, called EGMS. The EGMS method
comprehensively examines the structural hole characteristics
and K-shell centrality of nodes, replaces the shortest distance
with a probabilistically motivated effective distance, and fully
considers the influence of nodes and their neighbors from the
aspect of gravity. A flowchart of the proposed method is
shown in Fig. 1, and the further details are as follows:

Step 1 Calculating the joint K-shell centrality of node
pairs

K-shell centrality is a global measure describing the loca-
tion of a node in a network, it can reflect both the relationship
between each node and the whole network as well as the in-
teraction between distinct nodes. In this paper, the K-shell
centrality of each node is obtained by the MDD method men-
tioned in Subsection 2.4, and the joint K-shell centrality of
node pairs can be obtained as follows:

α(i, j) =
√

ksi + ks j. (12)

Step 2 Calculating the joint network constraint index of
node pairs

The network constraint index in structural hole theory is
an identification metric based on local topological information
of the network, it can be calculate by Eqs. (5)–(7), and the joint
network constraint index between node vi and node v j can be
calculated as follows:

β (i, j) =
√

NCi +NC j. (13)

Step 3 Calculating the effective distance between all node
pairs

In our proposed EGMS method, the shortest distance is
replaced by the probabilistically motivated effective distance
to simplify the spatiotemporal complexity of a network and
mine the implicit dynamic information in a network. The ef-
fective distance from one node to another node can be obtained
using Eqs. (9)–(11).

Step 4 Calculating the combined forces of nodes
By comprehensively considering the K-shell centrality,

network constraints and effective distances, the interaction
forces between node pairs can be obtained. Thus, the com-
bined force of node vi is defined as follows:

CG(i) =
N

∑
j=1, j 6=i

α(i, j)×β (i, j)
D2

j|i
. (14)

Step 5 Getting the final influence of nodes
Bae and Kim[15] introduced the concept of neighborhood

coreness (Cnc+) in improving the K-shell method, which
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measures the influence of nodes in a network by summing the
K-shell values of their neighbors. In this paper, we borrow
this concept and fully consider the influence of nodes’ neigh-
bors from the aspect of gravity. Based on the above, the final
influence of node vi can be calculated as follows:

EGMS(i) = ∑
j∈Γ (i)

∑
j∈Γ (i)

CG(i). (15)

Network graph:
   G/↼V↪ E↽

Calculate the joint
 K-shell centrality
   of node pairs:
α(i↪j)=√ksi⇁ksj

Calculate the joint
network constraint
index of node pairs:
β(i↪j)=√NCi⇁NCj

    Calculating the
   effective distance
between all node pairs:
     Dji=minλ(Γ )

Γ

Calculating the combined force of nodes: 

G↼i↽/S
α(i↪j)Τβ(i↪j)

Dji
2

N

j/↪j ≠ i

Getting the final influence of nodes:

EGMS↼i↽/S   S  G↼i↽
j∈Γ↼i↽ j∈Γ↼i↽

Fig. 1. The flow chart of our proposed EGMS method.

3.2. A simpe example

To better illustrate how the EGMS method works and to
initially assess its validity and accuracy, a simple example net-

work with 10 nodes and 14 edges is given in Fig. 2, and some
properties of each node in the example network are shown in
Table 1.

4

5

6

7

9

8

10

3

2

1

Fig. 2. A simple example network with 10 nodes and 14 edges. Nodes with
larger degrees have darker colors.

Firstly, we calculate the joint K-shell centrality of node
pairs by Eq. (12) and the joint network constraint index of
node pairs by Eq. (13) respectively. The joint K-shell cen-
trality and the joint network constraint index between node v4

and node v9 can be obtained as follows:

α(4,9) =
√

ks4 + ks9 =
√

3.5+2 = 2.3452,

β (4,9) =
√

NC4 +NC9 =
√

0.4170+0.9815

= 1.1826. (16)

Secondly, by using Eqs. (9)–(11), the effective distance be-
tween node v4 and node v9 can be obtained as follows:

D4|9 = min
{

D8|9 +D4|8,D8|9 +D7|8 +D4|7, . . .
}

= min
{

1− log
(
P8|9
)
+1− log

(
P4|8
)
,1− log

(
P8|9
)
+1− log

(
P7|8
)
+1− log

(
P4|7
)
+, . . .

}
= 2− log

(
P8|9
)
− log

(
P4|8
)
= 4.0794,

D9|4 = min
{

D8|4 +D9|8,D7|4 +D8|7 +D9|8, . . .
}

= min
{

1− log
(
P8|4
)
+1− log

(
P9|8
)
,1− log

(
P7|4
)
+1− log

(
P8|7
)
+1− log

(
P9|8
)
+, . . .

}
= 2− log

(
P8|4
)
− log

(
P9|8
)
= 4.9957. (17)

The above results clearly show that D4|9 and D9|4 are not equal, as mentioned in Subsection 2.7. The results of the effective
distance from node v4 to the others are shown in Table 2.

Table 1. Properties of each node in the example network, including DC, MDD, and NC.

v1 v2 v3 v4 v5 v6 v7 v8 v9 v10

DC 1 3 2 5 3 2 4 4 2 2
MDD 1 2.4 2 3.5 2.7 2 3.4 3.4 2 2
NC 0 0.2158 0.0665 0.5830 0.2690 0.1461 0.3988 0.4982 0.0185 0.0185

Table 2. Effective distance from node v4 to the others in the example network.

D1|4 D2|4 D3|4 D4|4 D5|4 D6|4 D7|4 D8|4 D9|4 D10|4

Edis 5.9069 3.3219 3.3219 0 3.3219 5.9069 3.3219 3.3219 6.3219 6.3219
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Table 3. The combined forces of nodes in the example network.

v1 v2 v3 v4 v5 v6 v7 v8 v9 v10

CG 0.2658 0.3352 0.3721 0.7188 0.5022 0.4042 0.6273 0.6402 0.2521 0.2521

Table 4. The final influence of nodes in the example network.

v1 v2 v3 v4 v5 v6 v7 v8 v9 v10

EGMS 1.3567 3.8633 3.8337 2.2768 5.8719 4.0157 7.2073 6.5271 2.7428 2.7428

Then, the combined force of node v4 can be obtained by
Eq. (14) as follows:

CG(4) =
10

∑
j=1, j 6=4

α(4, j)×β (4, j)
D2

j|4
= 0.7188. (18)

The combined forces of nodes are shown in Table 3.
Finally, as shown in Eq. (15), by accumulating the com-

bined forces of node v4’s neighbors, the final influence of node
v4 can be obtained as follows:

EGMS(4) = ∑
j∈Γ (4)

∑
j∈Γ (4)

CG(4) = 2.2768. (19)

The final influence of nodes are shown in Table 4.
According to Table 1 and Table 4, the ranking lists of

nodes in the example network measured by different meth-
ods are shown in Table 5. As shown in Table 5, the ranking
lists of nodes measured by the EGMS method is is similar to
other methods, indicating that the EGMS method can effec-
tively identify the influence of nodes. Compared with DC and
MDD, the influence of node v7 and node v8 is further discrim-
inated in the EGMS method. And compared with NC, node v2

and node v6 are re-ranked in the EGMS method by consider-
ing the influence of their neighbors. Based on the above, the
validity and accuracy of EGMS method is initially verified.

Table 5. The ranking lists of nodes in the example network measured by
different methods.

Rank 1 2 3 4 5 6 7 8 9 10

DC v4 v7 v8 v2 v5 v3 v6 v9 v10 v1

MDD v4 v7 v8 v5 v2 v3 v6 v9 v10 v1

NC v4 v8 v7 v5 v2 v6 v3 v9 v10 v1

EGMS v4 v7 v8 v5 v6 v2 v3 v9 v10 v1

4. Experimental analysis
4.1. Dataset

In this section, eight real-world networks from
different fields are chosen for experiments, includ-
ing the Dolphins,[23] Polbooks,[24] Jazz,[25] USAir,[26]

NetScience,[27] C.Elegans,[28] Email,[29] PowerGrid.[30] The
statistical characteristics of eight real-world networks are
shown in Table 6. The table includes information on the

number of nodes n, the number of edges m, the average de-
gree 〈k〉, the clustering coefficient c, the average shortest path
length 〈d〉, the epidemic threshold βth in SIR model, and the
fixed infection probability β .

Table 6. Statistical characteristics of eight real-world networks.

Network n m 〈k〉 c 〈d〉 βth β

Dolphins 62 159 5.1290 0.2590 3.3570 0.1470 0.15
Polbooks 105 441 8.4000 0.4880 3.0788 0.0838 0.10

Jazz 198 2742 27.6970 0.6175 2.2350 0.0259 0.04
USAir 332 2126 12.8072 0.7494 2.7381 0.0225 0.03

NetScience 379 914 4.8232 0.7981 6.0419 0.1247 0.13
C.Elegans 453 2025 8.9404 0.6465 2.4553 0.0249 0.03

Email 1133 5451 9.6222 0.2540 3.6060 0.0535 0.05
PowerGrid 4941 6594 2.6691 0.0801 18.9892 0.2583 0.25

4.2. Comparison methods

To verify the validity and accuracy of our proposed
EGMS method, seven methods are used as comparisons,
including degree centrality (DC),[9] betweenness centrality
(BC),[10] closeness centrality (CC),[11] mixed degree de-
composition method (MDD),[14] network constraint index
(NC),[18] neighborhood coreness (Cnc+),[15] and gravity
model (GM).[20]

4.3. Evaluation criteria

To evaluate the performance of difference methods, sev-
eral evaluation criteria are presented in this section, including
monotonicity index,[15] susceptible–infected–recovered (SIR)
model,[31] and Kendall’s tau coefficient.[32]

The monotonicity index M(R) is used to quantify the res-
olution of different identification methods, which is defined as
follows:

M(R) =

1−
∑

r∈R
nr(nr−1)

n(n−1)

2

, (20)

where R is the influence ranking vector of each node obtained
by the influence identification method, n is the total number of
nodes, and nr is the number of nodes with the same influence.
The value of M(R) in range [0,1], which will be higher if the
identification method can better distinguish the influence of all
nodes in the network.
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The SIR model[31] is used to examine the spreading abil-
ity of nodes. In this model, each node in the network can be
in one of the following three states: susceptible, infected, or
recovered. In the initial stage of spreading, only one infected
node in the network, and all other nodes are susceptible. In
each timestamp, each one infected node to infect its suscep-
tible neighbors with the infection probability β . At the same
time, the infected node recovers with probability µ . This pro-
cess is repeated until there are no susceptible nodes in the net-
work. At the end of SIR spreading process, the number of
recovered nodes is regarded as the spreading ability of nodes.
For simplicity, the value of the recovery probability is set to
µ = 1. The spreading process cannot be carried out normally
if the infection probability β is too small or too large, do the
spreading ability of each node cannot be measured accurately.
Therefore, we set the epidemic threshold is βth ≈ 〈k〉/〈k2〉,
where 〈k〉 and 〈k2〉 denote the average degree and average
second-order degree of the nodes respectively. The value of
β is set near βth. As show in Table 6, the βth and β for differ-
ent networks are given.

In order to evaluate the accuracy of the identification
method, Kendall’s tau coefficient[32] is used to measure the
correlation between the ranking list of nodes’ influence ob-
tained by each identification method and the ranking list of
nodes’ spreading ability obtained from the SIR model. Sup-
pose there are two sequences X and Y containing n nodes,
where X = (x1,x2, . . . ,xn) and Y = (y1,y2, . . . ,yn), and the el-
ements in sequence X and sequence Y are constructed into
a new sequence XY = ((x1,y1) , . . . ,(xi,yi) , . . . ,(xn,yn)). For
any pair of elements XYi = (xi,yi) and XYj = (x j,y j) in the se-
quence XY , if (xi > x j and xi > y j) or (xi < x j and xi < y j), the
pair is considered to be concordant. On the contrary, if (xi > x j

and xi < y j) or (xi < x j and xi > y j), this pair is considered to
be discordant. If (xi = x j and xi = y j), it is considered that
the pair is neither concordant nor discordant. Kendall’s tau
coefficient τ is defined as

τ(X ,Y ) =
nc−nd

n(n−1)/2
, (21)

where nc and nd are the numbers of concordant pairs and dis-

cordant pairs respectively. The value of τ in range [−1,1]. The

two sequences are completely positively correlated if τ = 1,

that is to say, the closer the value of τ is to 1, the higher the

accuracy. On the contrary, the two sequences are completely

negatively correlated.

4.4. Experiments

4.4.1. Examining the resolution of different identifica-
tion methods

In this experiment, the monotonicity index[13] M is used

to examine the resolution of the seven identification methods

and our proposed EGMS method, i.e., the ability to distinguish

the influence of nodes. Table 7 records the resolution of the

different methods in eight real-world networks, and figure 3

shows the difference more intuitively. As shown in Fig. 3, the

EGMS method performs very well in the eight networks. In

addition, the resolution of CC and GM is also good. Com-

pared with others, the EGMS method gives a higher M value

in most cases, and the value of M (EGMS) is very close to

or even equal to 1 in all cases. Therefore, the EGMS method

performs excellent in distinguish the influence of nodes.
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Fig. 3. The monotonicity index M of eight identification methods in eight
real-world networks.

Table 7. The monotonicity index M of different identification methods.

Network M (DC) M (BC) M (CC) M (MDD) M (NC) M (Cnc+) M (GM) M (EGMS)

Dolphins 0.8312 0.9623 0.9968 0.9041 0.9623 0.9873 0.9979 0.9979
Polbooks 0.8252 0.9974 0.9993 0.9077 1 0.9971 0.9996 1

Jazz 0.9659 0.9885 0.9986 0.9883 0.9983 0.9993 0.9995 0.9994
USAir 0.8586 0.6970 0.9931 0.8871 0.9453 0.9945 0.9951 0.9951

NetScience 0.7642 0.3387 0.9928 0.8215 0.9841 0.9893 0.9956 0.9967
C.Elegans 0.7922 0.8740 0.9952 0.8748 0.9983 0.9975 0.9977 0.9991

Email 0.8874 0.9400 0.9988 0.9229 0.9650 0.9991 0.9999 0.9999
PowerGrid 0.5927 0.8313 0.9999 0.6928 0.8770 0.9414 0.9999 0.9999
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4.4.2. The comparisons of different identification
methods and SIR model

In this experiment, the SIR model is used to obtain the
spreading ability of nodes and Kendall’s tau coefficient is used
to quantify the correlation between the spreading ability and
influence of nodes in the networks. The stronger the correla-
tion, the more accurate the identification method is. Due to the
randomness of the spreading process of the SIR model, this ex-
periment repeats the spreading process for each node and then
takes the average value. For networks |V | < 100, the inde-
pendent experiment is executed 104 times; for |V | < 103, the
independent experiment is executed 103 times. Table 8 shows
Kendall’s tau coefficient between different identification meth-
ods and the SIR model with the fixed infection probability in
eight real-world networks, where σ denotes the ranking lists
of the spreading ability of nodes in the networks. The values
of the fixed infection probability are shown in Table 6.

In order to further verify the accuracy and reliability of
the proposed method, a series of Kendall’s tau coefficients be-
tween different identification methods and SIR model can be
obtained by changing the infection probability β . The results
are shown in Fig. 4, where the black dashed line denotes the
epidemic threshold βth. From which we can see, the EGMS
method outperforms all the methods when the infection prob-
ability β takes values near the epidemic threshold βth. This
indicates that the influence of nodes identified by the EGMS
method has a significant correlation with the spreading ability
of nodes. When the infection probability is far greater than or
far less than the epidemic threshold, DC, MDD and GM show
better correlation than EGMS in six networks except USAir
and PowerGrid. In addition, Cnc+ performed slightly worse
than EGMS in most networks and BC performed worst in all
cases. According to the above analysis, the EGMS method can
identify the influence of nodes more accurately and reliably.

Table 8. Kendall’s tau coefficient between different identification methods and SIR model with the fixed infection probability.

Network τ (DC,σ) τ (BC,σ) τ (CC,σ) τ (MDD,σ) τ (NC,σ) τ (Cnc+,σ) τ (GM,σ) τ (EGMS,σ)

Dolphins 0.7768 0.5643 0.8117 0.8181 0.7282 0.8611 0.8985 0.9561
Polbooks 0.7528 0.3579 0.6502 0.8029 0.7037 0.9098 0.8286 0.9477

Jazz 0.8185 0.4628 0.7950 0.8503 0.8216 0.9132 0.8643 0.9568
USAir 0.6982 0.4744 0.8414 0.7175 0.7929 0.9047 0.8250 0.9454

NetScience 0.5931 0.2844 0.4997 0.6141 0.6580 0.5943 0.7869 0.8905
C.Elegans 0.6376 0.4711 0.6933 0.6521 0.6251 0.8127 0.7944 0.8667

Email 0.8000 0.6467 0.8315 0.8115 0.7735 0.8980 0.8387 0.9313
PowerGrid 0.5469 0.4167 0.3916 0.5786 0.4298 0.7341 0.6950 0.8255

4.4.3. Kendall’s τ coefficient for different identification
methods to varying scales of topranking nodes

In this experiment, the scale of nodes examined by
Kendall’s tau coefficient is adjusted, which is changed from
whole nodes to partial nodes. The correlation results between
the top nodes in different scales obtained by different identifi-
cation methods and the ranking list of the spreading ability of
nodes are further studied. The scale of topranking nodes is de-
notes as L, which is set to 0.05–1. Figure 5 shows the values of
Kendall’s tau coefficient for different identification methods to
varying scales of topranking nodes nodes. As shown in Fig. 5,
the EGMS method performs well at various scales of toprank-
ing nodes and performs better than all other methods at higher
values of L.

4.4.4. The relationship between EGMS and other iden-
tification methods

In the final experiment, the relationship between the
EGMS method and other identification methods is analyzed.
The results are shown in Fig. 6, where each point denotes
one node in the network, the color of each point denotes the

spreading ability derived by the SIR model, and the horizontal

and vertical axes are denote the values of nodes’ influence in

the network obtained by the EGMS method and other methods

respectively. The EGMS method has a strong correlation with

one method if the nodes in the figure are linearly distributed.

As shown in the distribution of the nodes in Fig. 6, strong

correlations are found between EGMS and DC, CC, MMD,

and NC, respectively. This indicates that the EGMS method

not only takes into account the degree centrality, location in-

formation and the closeness between nodes sufficiently, but

also has the ability to identify bridging nodes in the network.

Moreover, the apparent linear relationship between EGMS and

Cnc+ and GM indicates that the node rankings are overall sim-

ilar, and it also demonstrates that EGMS can identify the in-

fluence of nodes effectively. From Fig. 6, it can also find that

some nodes have large values of BC, but their spreading ability

is not very strong, so it is not accurate enough to identify the

influence of nodes by BC alone. Therefore, the EGMS method

is more advantageous than other methods in identifying the in-

fluence of nodes in the network.
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Fig. 6. The relationship between EGMS and other identification methods: (a1)–(a7) Dolphins, β = 0.15; (b1)–(b7) Polbooks, β = 0.1; (c1)–(c7)
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5. Conclusions and discussion
In this paper, we proposed a novel method for identifying

influential nodes in complex networks based on gravity model,
called EGMS. For the shortcoming that the existing methods
concentrate only on only one aspect, the EGMS method con-
siders both the local topology and the global location infor-
mation, comprehensively examines the structural hole charac-
teristics and K-shell centrality of nodes At the same time, the
shortest distance is replaced by a probabilistically motivated
effective distance to simplify the spatiotemporal complexity
of a network and mine the implicit dynamic information in a
network. Then the EGMS method fully considers the influ-
ence of nodes and their neighbors from the aspect of gravity to
optimize the utilization of available resources. In addition, the
EGMS method also has the ability to identify bridging nodes
in the network. From the experimental results, the EGMS
method can better distinguish differences in the influence of
nodes than other identification methods. Further, the EGMS
method performs excellent in identifying influential nodes at
various scales of topranking nodes. Finding a more effective
method combining network topology and propagation dynam-
ics to identify influential nodes in the network is still an open
issue. How to improve our proposed EGMS method to reduce
its time complexity is our future work.
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