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Identifying influential nodes in complex networks is one of the most significant and challenging issues, which may
contribute to optimizing the network structure, controlling the process of epidemic spreading and accelerating information
diffusion. The node importance ranking measures based on global information are not suitable for large-scale networks due
to their high computational complexity. Moreover, they do not take into account the impact of network topology evolution
over time, resulting in limitations in some applications. Based on local information of networks, a local clustering H-
index (LCH) centrality measure is proposed, which considers neighborhood topology, the quantity and quality of neighbor
nodes simultaneously. The proposed measure only needs the information of first-order and second-order neighbor nodes
of networks, thus it has nearly linear time complexity and can be applicable to large-scale networks. In order to test the
proposed measure, we adopt the susceptible-infected-recovered (SIR) and susceptible-infected (SI) models to simulate the
spreading process. A series of experimental results on eight real-world networks illustrate that the proposed LCH can
identify and rank influential nodes more accurately than several classical and state-of-the-art measures.

Keywords: complex networks, influential nodes, local structure, susceptible infected recovered model, sus-
ceptible infected model
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1. Introduction

Identifying and ranking influential nodes are one kind of
the most fundamental problems in modern network science,
which may help us to understand the structures, functions, and
characteristics of networks.[1,2] For instance, removing critical
nodes may cause relatively large damage to complex commu-
nication networks or transportation networks,[3,4] thus identifi-
cation of vital nodes may contribute to research of network ro-
bustness and vulnerability. Locating influential nodes helps us
to understand and control the processes such as epidemic dis-
ease outbreak,[5] virus propagation[6] and rumor spreading,[7]

and it also plays an important role in viral marketing or accel-
erating information or knowledge diffusion.[8–11]

So far, many achievements have been made in search-
ing vital nodes and a variety of effective methods have
been proposed. Among them, degree centrality (DC), be-
tweenness centrality (BC) and closeness centrality (CC) are
three classical measures.[12] Like BC and CC, Katz central-
ity is defined by considering all the paths in the network.
The random-walk-based PageRank[13] and its enhancement
LeaderRank[14] can perform well in directed networks. Other
representative centrality indices include K-shell[15] and its
variants or extensions.[16–18] In addition, multi-attribute deci-

sion making (MADM) method is proven to be an alternative
tool in evaluating nodes’ importance.[19–23] Local centrality
measures are widely used in various applications due to their
low computational demands, such as the semi-local centrality
(SLC) developed by Chen and his coworkers.[24]

The topological connections among neighbors have great
impact in spreading abilities of nodes. Based on this, the
ClusterRank[25] and the local structural centrality[26] take into
account the influence of neighbors and node itself as well as
the role of local clustering. Li et al.[27] developed a new cen-
trality named as clustered local degree (CLD) by combining
degree with topological connections of nodes. Berahmand et
al.[28] presented a new local centrality measure by consider-
ing the negative role of the first-order neighbors and positive
role of second-order neighbors. In this direction, researchers
proposed a great number of local centrality measures from dif-
ferent perspectives.[29–32]

H-index is widely used to measure scientific achieve-
ments of scholars.[33] By analyzing the dynamic process of
network structures, Lü et al.[34] pointed out that the H-index
can be regarded as a good balance between coreness and de-
gree centrality in identifying influential nodes. H-index fo-
cuses on the high-influence neighbors of the node, while some
of the low-influence neighbors are ignored. To overcome
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the limitation, some enhancements and extensions of H-index
have been developed, including the local H-index centrality
(LH),[35] the extended H-index centrality (EHC) measure.[36]

However, there is still a lot of room to improve the local cen-
trality measures.

Inspired by the above work, we propose a local clustering
H-index (LCH) centrality measure for ranking and identify-
ing influential nodes in complex networks, which aims at find-
ing a compromise between accuracy, extensive applicability
and low computational cost. The proposed measure is based
on three aspects. Firstly, LCH only needs the information of
neighboring nodes in two hops and thus it can be applicable
to large-scale networks due to its near linear time complex-
ity. Secondly, we consider that the clustering coefficient of a
node has negative effect on information spreading. In other
words, the higher the clustering coefficient of a node is, the
more limited the node spreading is. Lastly, the H-index puts
emphasis on neighbor nodes with high-influence and neglects
other neighbor nodes with low influence, so we consider both
the quantity and quality of neighbor nodes in the new measure.

The following sections are organized as follows. In Sec-
tion 2, we first introduce several centrality measures for com-
parison analysis. In Section 3, the detail of the proposed LCH
is illustrated by an example network. Section 4 is devoted to
the data sets and evaluation methods. The experimental results
are presented and analyzed in Section 5. Finally, in Section 6,
we discuss and summarize our results.

2. Centrality measure
Before proceeding with the discussion of the proposed

method, we devote this section to the concepts of several cen-
trality measures, including degree, clustered local-degree cen-
trality, K-shell, H-index as well as local h-index centrality for
undirected networks. For a given network G = 〈V,E〉 with n
nodes, where V and E being the node set and edge set, the
connections between nodes are expressed by adjacency matrix
A = {ai j}n×n. If there exists a link between node i and node j,
ai j = 1. On the contrary, ai j = 0.

2.1. Degree centrality

The degree centrality (DC) of node i is defined as

DCi =
n

∑
j=1

ai j, (1)

which is the number of the direct neighbors of node i.[12] DC
is a simple but effective measure for evaluating nodes’ impor-
tance in networks.

2.2. Clustered local-degree centrality

The clustered local-degree centrality (CLD)[27] measures
the importance of a node according to the degree of neighbors

and topological connections among neighbors. The CLD of
node i is expressed as

CLDi = (1+Ci) ∑
j∈Γi

DC j, (2)

where Ci denotes the clustering coefficient of node i, Γi is the
neighbor set of node i, and DC j is the degree of node j.

2.3. K-shell decomposition

As a global measure, the K-shell (KS) decomposition[15]

takes full advantage of position information of nodes. The key
idea of this method is that the nodes at the core are regarded
as the most influential nodes. The K-shell decomposition can
be proceeded as follows: Firstly, remove these nodes whose
degrees are equal to 1. When some new nodes with DC = 1
appear, continue to remove them from the network until there
are only remained nodes whose degree is larger than 1. At
this point, the K-shell values of all removed nodes are set to 1.
Next, all nodes with two direct neighbors are removed in the
same manner. Finally, repeat procedures until all nodes are
removed from the network. After decomposition, each node
is assigned with a K-shell value, which denotes the location
attribute of the node in the network.

2.4. H-index

H-index (H) was initially used to evaluate the influence
of scholars based on the citation of their publications. Lü et
al.[34] extended it to detect vital nodes in complex networks.
Suppose that node i has ki neighbors, its H is given by

Hi = H (k j1,k j2, . . . ,k js, . . . ,k jki), (3)

where k js denotes the degree of the s-th neighbor of node i. In
Eq. (3), the operator H returns the maximum integer ν such
that there are at least ν neighbors whose degree is not lower
than ν .

2.5. Local h-index centrality

The local h-index (LH) centrality[35] quantifies the influ-
ence of a node by accumulating the H of the node itself and its
direct neighbors, which is defined as

LHi = Hi + ∑
j∈Γi

H j (4)

with Hi and Γi being the H-index and neighbor set of node i,
respectively.

3. The proposed method
Generally speaking, global centrality measures are al-

ways computationally demanding and not suitable for large-
scale networks. Christakis and Fowler[37] argued that, for most
social networks, the behavior of a node is highly related to
its first-order neighbors, second-order neighbors and up to the
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third-order neighbors. As a good balance between degree cen-
trality and coreness, the H-index[34] can rank nodes more ac-
curately because it takes the influence of the nearest neighbors
into account. As an extension of H-index, the LH[35] is defined
through accumulating the H-index values of all direct neighbor
nodes and the node itself. Even though the LH performs well
in terms of discrimination, there is still room for improvement
and can be further extended.

On the one hand, the topological connections among
neighbors always have great impact on information spreading.
Usually, if neighbors of a node are closely connected, its influ-
ence may be limited to a small scope. In this sense, the clus-
tering coefficient has a negative effect on spreading in a local
area.[25,38–40] For the example network shown in Fig. 1, nodes
2 and 6 have the same degree centrality and H, but the spread-
ing capabilities of nodes 2 and 6 are 4.06 and 4.36 by aver-
aging 100 independent experiments of the SIR model. That
is, node 6 with lower clustering coefficient is more influential
than node 2.

On the other hand, LH only considers the high-influence
neighbors and neglects other neighbor nodes with low influ-
ence. Take node 7 as an example in Fig. 1, node 7 has four
neighbors. Except node 6, the H-index values of the other
three neighbor nodes are 1. Nevertheless, as observed, these
nodes are affected by more than one node. That is to say, the
influence of node 7 will be underestimated.

Based on the above two points, we put forward a novel
measure called local clustered H-index centrality (LCH),
which considers the number and influence of neighbor nodes,
and the topological connections among neighbors. The LCH
of node i is defined as

LCHi =
1
〈H〉
× Hi

1+Ci

+ ∑
j∈Γi

(
1
〈H〉
×

H j

1+C j
+

1
〈k〉
×DC j

)
, (5)

where Hi and Ci are the H-index and the clustering coefficient
of node i. Γi denotes the neighbor set of node i, and DC j is the
degree value of node j; 〈H〉 and 〈k〉 represent the average H
and average degree of the given network, respectively.

Without loss of generality, one may multiply 〈H〉 for each
term on the right side of Eq. (5). Thus, the proposed LCH can
be simplified to

LCHi =
Hi

1+Ci
+ ∑

j∈Γi

(
H j

1+C j
+µ×DC j

)
, (6)

where µ = 〈H〉/〈k〉. The LCH contains two parts, one is the
node own influence, and the other part is the influence of the
nearest neighbors on it. Since the values of DC and H-index
are not comparable in order of magnitude, the parameter µ can
adjust the trade-off between the two centrality measures.[18,41]
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Fig. 1. An example network with 33 nodes and 36 edges. Note that the
spreading ability is obtained by averaging 100 independent experiments
of the SIR model, the infection probability β is set as the epidemic
threshold βth.

In order to further illustrate the proposed measure, we
take nodes 2 and 6 as an example. These two nodes have the
same H-index value (H2 = H6 = 4), and the sum of degree of
node-2’s neighbors is equal to that of node-6’s (∑i∈Γ2

DCi =

∑ j∈Γ6
DC j = 18). At the same time, the sum of H-index

of node-2’s neighbors is slightly larger than that of node-6’s
neighbors (∑i∈Γ2

Hi = 11 > ∑ j∈Γ6
H j = 10). After some calcu-

lations, it is easily obtained that LCH2 = 23.1, LCH6 = 25.83.
Node 6 is expected to have more influence than node 2. By
averaging 100 independent experiments of the SIR model, the
spreading capabilities of nodes 2 and 6 are 4.06 and 4.36,
which is consistent with the rank obtained by LCH. In fact,
node 6 has larger spreading ability mainly due to two reasons.
Firstly, node 6 with lower clustering coefficient can spread the
information out quickly, while the influence of node 2 is con-
fined in a small scope. Secondly, if the hub node 6 is removed,
the example network will be divided into two large compo-
nents. However, it will have a relatively smaller influence on
the network structure if node 2 is removed.

The LCH is an easily computable index, its computation
mainly depends on the H, clustering coefficient as well as de-
gree of nodes. Suppose that n and 〈k〉 are the node number and
average degree in a given network. The time costs for H and
clustering coefficient of a node are both O(〈k〉2), and the time
cost of degree centrality is O(〈k〉). Then the total time cost is
O(2n〈k〉3 +3n〈k〉2). Therefore, the asymptotic time complex-
ity of the proposed measure is O(n〈k〉3). Generally speaking,
the average degree 〈k〉 is far less than the total number n of
nodes, so the near linear computational complexity makes the
proposed measure LCH scalable for large-scale networks.

088901-3
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4. Experimental setup
4.1. Data sets

In this work, eight real-world networks are chosen to
test the performance of the proposed measure: (i) Lesmis:
the co-appearance network of characters in the novel Les
Miserables. (ii) Netscience: the co-author network in net-
work science consists of 1589 nodes. We choose the largest
component of this network with 379 nodes. (iii) Roget:
the co-appearance network containing the cross-references in
Roget’s Thesaurus. (iv) Email: the email network of the
University Rovirai Virgili. (v) CSphd: the genealogy net-
work of Ph.D. students and their advisors in theoretical com-
puter science. (vi) Yeast: the protein-protein interaction net-
work. (vii) Power: the network of the power grid. (viii)
Ca-hepth: the collaboration network of Arixv in the area
of high energy physics theory. The datasets can be down-
loaded from http://www-personal.umich.edu/˜mejn/netdata/,
http://vlado.fmf.uni-lj.si/pub/networks/data. Table 1 gives the
statistical features of the eight networks with different sizes.

Table 1. Some statistical properties of the eight real-world networks.
The topological characteristics include: node number (|V |), edge num-
ber (|E|), average degree (〈k〉), maximum degree (kmax), clustering co-
efficient (〈C〉) and epidemic threshold βth = 〈k〉/〈k2〉.[42]

Network |V | |E| 〈k〉 kmax 〈C〉 βth

Lesmis 77 254 6.5974 36 0.5731 0.0830
Netscience 379 914 4.8232 34 0.7412 0.1247

Roget 1022 5075 7.1389 28 0.1498 0.0950
Email 1133 5451 9.6222 71 0.2202 0.0535
CSphd 1882 1740 1.8491 46 0.0051 0.2080
Yeast 2361 7182 5.6289 64 0.1301 0.0603
Power 4941 6594 2.6691 19 0.0801 0.2583

Ca-hepth 9877 25998 5.2593 65 0.4714 0.0798

4.2. The spreading model

To compare different measures for identifying crucial
nodes, the susceptible-infected-recovered (SIR)[43,44] and
susceptible-infected (SI) models[45] are adopted to simulate
the spread and evolution in real networks. The SIR model
contains three types of nodes, susceptible (S), infected (I) and
recovered (R). The final state of SIR dynamics is (i) all nodes
are either in S or R state or (ii) all nodes had been infected and
got recovered. The SIR model contains two parameters, one
is the recovery probability α , the other is infection probability
β . For simplicity, we take α = 1. When α = 0, the SIR model
is converted to the SI model. Different from the SIR model,
the SI model only contains two types of nodes, susceptible (S)
and infected (I). Once the node is infected, it will never be
recovered.

In this paper, F(t) denotes the sum of the number of the
infected nodes and the recovered nodes at time t. With the
increase of time t the spreading process will reach stable grad-
ually. F(tc) stands for the spreading capability of the source

node at the time tc in a steady state. Since there is no node re-
covery process in the SI model, the number of recovery nodes
is set to 0. Here, F(t) (t < tc) represents the spreading capa-
bility of the source node in the SI model.

4.3. Evaluation method

Kendall’s tau correlation coefficient[46] is chosen to de-
termine the consistency between the ranking list obtained by a
specific method and the F(tc) ranking list obtained by the SIR
model. Given two ranking lists X and Y , (xi,yi) and (x j,y j)
are two node pairs in these lists. The Kendall tau correlation
coefficient is defined as

τ(X ,Y ) =
n1−n2

1
2 N(N−1)

, (7)

where n1 and n2 denote the number of concordant pairs and
discordant pairs, and N is the length of the list X . Obviously,
τ lies down between −1 and 1. Here, τ = −1 indicates that
the two lists are exactly in the opposite order. By contrast, the
order of the two lists is identical when τ = 1.

In some applications, one may focus on the top-rank
nodes instead of all nodes. Imprecision function can measure
how close the top-rank nodes by a specific method is to the
spreading ability list by the SI model, which is given by

ε(p) = 1− M(p)
Meff(p)

, (8)

where p is the proportion of the inspected nodes to the net-
work scale N. In addition, M(p) and Meff(p) represent the
average spreading abilities of pN nodes obtained by a specific
method and the SI model. Note that a lower imprecision value
indicates that the considered method is more accurate.

Monotonicity is employed to evaluate the discrimination
capacity of different measures, which is defined by

M(R) =
(

1− ∑r∈ R nr(nr−1)
n(n−1)

)2

, (9)

where n is the length of the ranking list R, and nr denotes the
number of nodes with the same ranking value r. The M value
ranges from 0 to 1. The best value for M is 1, which means
that each node in a network has a unique ranking value. In
contrast, the worst value for M is 0, which indicates that all
nodes in a network have the same ranking.

5. Experimental results and analysis
In the experiments, we compare the proposed LCH with

five centrality measures including DC,[12] CLD,[27] KS,[15]

H [34] and LH.[35] The EHC,[36] another extension of the H,
also takes into account the degrees of the neighbors of nodes
and its accuracy is improved. The LCH will not be compared
with EHC because the latter one needs to specify two parame-
ters.

088901-4
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5.1. Kendall’s tau correlation coefficient

To test the accuracy of the proposed measure, we will
compare it with other five different centrality measures, with
the SIR model. In principle, the closer the value of τ is to 1,
the ranking method has better performance. Note that the in-
fection probability β is a key parameter in the SIR model. If

β is too small, the spreading of source node may be restricted
in a relatively limited scope. By contrast, if β is too large, the
spreading may cover the entire network. Thus, the β value
changes around the epidemic threshold βth. The βth value is
closely related with the topological characteristic of a given
network, so the abscissa is not the same for different networks
in Fig. 2.
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Fig. 2. Kendall’s tau correlation coefficient (τ) between the ranking list obtained by six different measures and the F(tc) ranking list by the SIR
model with different infection probability β , and β is near βth. The results are obtained by averaging 100 independent experiments of the SIR
model, and the vertical dotted line represents the epidemic threshold βth. (a) Lesmis, (b) Netscience, (c) Roget, (d) Email, (e) CSphd, (f) Yeast,
(g) Power, (h) Ca-hepth.
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Fig. 3. The correlation between nodes’ centrality values and their spreading abilities on three networks. The horizontal axis corresponds to
nodes’ centrality values, and the vertical axis denotes the stable spreading abilities F(t) (t = 10). The results are obtained by averaging 100
independent experiments of the SI model for the particular case β = βth.
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Figure 2 depicts the Kendall tau correlation coefficient of
the six centrality measures with the change of infection prob-
ability. As shown in Figs. 2(a), 2(b), 2(e), and 2(h) the value
of τ for LCH is higher than other five measures within the en-
tire infection probability range. Thus, the LCH gives the best
performance in the Lesmis, Netscience, CSphd and Ca-hepth
networks. It can be seen in Fig. 2(c) that the values of τ for
CLD, LH and LCH are very close, but LCH is always superior
to the other two measures. In the Email and Yeast networks
as shown in Figs. 2(d) and 2(f), DC, H and LH outperform
other measures when β is not larger than 0.03. This is be-

cause the influence of nodes is limited to a smaller scope if β

is taken as a relatively small value. The performance of DC
and H decrease gradually with increasing values of β , but the
performance of the LCH and LH is improved. Moreover, the
LCH is slightly better than the LH when β exceeds the epi-
demic threshold. In the Power network as shown in Fig. 2(g),
LCH and CLD are superior to the other four centrality mea-
sures. However, CLD performs slightly better than our pro-
pose method when β is larger than 0.26. On the whole, the
LCH can identify influential nodes more accurately in most
cases compared with the other five ranking methods.
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Fig. 4. The imprecision value of six centrality measures in the eight real-world networks. The results are obtained by averaging 100 experiments
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5.2. Correlation analysis

To further analyze the correlation between nodes’ central-
ity values and the spreading ability of the SI model, we choose
the Lesmis, Netscience and Ca-hepth networks as examples.
The experimental results are shown in Fig. 3, where each point
stands for a node in the network. In these three networks, there
are weak correlations between the centrality values and F(t) in
the cases of DC, H and KS. Because many nodes with differ-
ent spreading abilities are assigned with the same centrality
values, which means these three measures cannot well evalu-
ate the influence of nodes. Comparatively speaking, CLD, LH
and LCH have strong positive correlations with F(t). How-
ever, the points in CLD and LH graphs are relatively discrete
compared with LCH, which means that the proposed measure
can better detect influential nodes in networks. To summa-
rize, the LCH outperforms other five ranking methods from
this perspective.

5.3. Imprecision function

The imprecision function is used to compare the spread-
ing ability of top-rank nodes obtained by different measures,
with the SI model. As shown in Fig. 4, one can observe that
KS has significantly higher imprecision than the other mea-
sures in all studied networks, especially when the p is small.
Therefore, the influential nodes identified by KS have poor
spreading ability in the actual spreading process. Furthermore,
in the Roget, Email, Yeast and Ca-hepth networks as shown in
Figs. 4(c), 4(d), 4(f), and 4(h), the imprecisions of DC, CLD,
H, LH and LCH are relatively low at most situations. Note
that the imprecision values by these four measures are very
close, so their performance is relatively close. However, it can

be seen that the imprecision of LCH is the lowest. Further-
more, in the Netscience network as shown in Fig. 4(b), the im-
precision of LCH is significantly lower than that of the other
measures when p is larger than 0.03. At the same time, in the
CSphd network as shown in Fig. 4(e), the imprecision of LCH
is close to CLD when p is larger than 0.04. On the whole,
the imprecision of LCH is still lower. It is concluded that the
proposed LCH has the lowest imprecision.

5.4. Top-10 nodes

In some scenarios, researchers are more interested in
identifying the top-ranked nodes in a given network. We fur-
ther analyze the spreading ability of the top-10 ranked nodes,
with the SIR model. For the sake of simplicity, this group
of experiments is also conducted in three networks, including
Lesmis, Netscience and Ca-hepth. Figures 5(a)–5(c) give the
comparison between the CLD and the LCH. In the Lesmis and
Ca-hepth networks, the F(t) obtained by LCH is always larger
than that obtained by CLD throughout the spreading process,
which shows the superiority of LCH. In the Netscience net-
work, the two curves overlap completely, indicating that CLD
and LCH have similar performance in identifying the top-10
nodes.

The comparison between LH and LCH are shown in
Figs. 5(d)–5(f). In the Lesmis network, the initial spreading
process for these two measures is almost synchronous. How-
ever, LCH speeds up and exceeds LH in the later period, which
means that LCH performs better than LH. In the Netscience
and Ca-hepth networks, LCH is clearly superior to LH for the
spreading speed and the F(t). To summarize, compared with
CLD and LH, the measure proposed here can identify the top-
rank nodes more effectively in the studied networks.
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Fig. 5. The average number of F(t) (at time t) of the top-10 nodes in three networks. The first row corresponds to the comparison between
CLD and LCH, and the second row is the comparison between LH and LCH. Note that the average number of infected nodes are obtained
through 100 independent runs of the SIR model.
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5.5. Monotonicity

A good centrality measure should have the ability to dis-
criminate nodes with different spreading abilities. Table 2
shows the monotonicity value of the six centrality measures in
eight different networks. According to Eq. (9), the closer the
M is to 1, the better discrimination capacity the measure has.
Among the six centrality measures, the monotonicity value of
LCH is always close to 1 in all studied networks. To sum up,
LCH can better discriminate nodes with different spreading
abilities.

Table 2. The monotonicity values (M) for the ranking list obtained by
six centrality measures on eight real-world networks.

Network DC CLD KS H LH LCH
Lesmis 0.8147 0.9534 0.7441 0.7625 0.9447 0.9581

Netscience 0.7642 0.9795 0.6421 0.6825 0.9513 0.9949
Roget 0.8672 0.9961 0.5588 0.8055 0.9827 0.9990
Email 0.8874 0.9975 0.8088 0.8583 0.9900 0.9997
CSphd 0.2432 0.8723 0.0128 0.0757 0.5855 0.9362
Yeast 0.7341 0.9871 0.6385 0.6977 0.9693 0.9960
Power 0.5927 0.9006 0.2460 0.3930 0.8262 0.9795

Ca-hepth 0.7627 0.9830 0.6741 0.7071 0.9552 0.9922

6. Conclusions
Identifying and ranking influential nodes are one kind of

the most significant and challenging research issues in net-
work science. Global centrality measures are always computa-
tionally demanding and not suitable for large-scale networks.
With the increase of network scale and increasingly compli-
cated network structure, some node ranking methods based on
local information of networks are widely used in various ap-
plications due to their low computational demands.

In this work, a local clustering H-index (LCH) central-
ity measure is presented for identifying and ranking influential
nodes in complex networks. The proposed LCH only needs the
information of first-order and second-order neighbor nodes of
networks, thus it has near linear time complexity and can be
applicable to large-scale networks. On the basis of H and its
variants, the proposed LCH considers the topological connec-
tions among neighbors, the quantity and quality of neighbor
nodes simultaneously. In order to test the performance of the
LCH, the SIR and SI models are used to simulate the spreading
process. According to Kendall’s tau correlation coefficient, the
imprecision function and monotonicity, we compare the LCH
with other five ranking methods, including DC, CLD, KS, H
and LH. The experimental results illustrate that the LCH can
distinguish nodes more effectively and rank them more accu-
rately. Moreover, another advantage of the proposed measure
is its simplicity and low time cost and thus it can be applied to
large-scale networks in potential applications. Further studies
on identifying influential nodes in weighted networks, multi-

level networks and temporal networks are worthy in future
works.
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