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Identifying influential nodes in complex networks and ranking their importance plays an important role in many
fields such as public opinion analysis, marketing, epidemic prevention and control. To solve the issue of the existing node
centrality measure only considering the specific statistical feature of a single dimension, a SLGC model is proposed that
combines a node’s self-influence, its local neighborhood influence, and global influence to identify influential nodes in
the network. The exponential function of e is introduced to measure the node’s self-influence; in the local neighborhood,
the node’s one-hop neighboring nodes and two-hop neighboring nodes are considered, while the information entropy is
introduced to measure the node’s local influence; the topological position of the node in the network and the shortest path
between nodes are considered to measure the node’s global influence. To demonstrate the effectiveness of the proposed
model, extensive comparison experiments are conducted with eight existing node centrality measures on six real network
data sets using node differentiation ability experiments, susceptible–infected–recovered (SIR) model and network efficiency
as evaluation criteria. The experimental results show that the method can identify influential nodes in complex networks
more accurately.

Keywords: influential nodes, self-influence, local and global influence, complex networks
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1. Introduction
Social structures, road systems, social networks, etc. can

be abstracted as complex networks consisting of nodes and
connected edges.[1] The opening of the metaverse era, where
the node data in complex networks may be virtual and digi-
tal, and the connections between nodes may also be virtual,
digital, or connected to the real world, has increased the het-
erogeneity and uncertainty of complex networks while in-
creasing the difficulty of mining important nodes in complex
networks.[2] The critical node detection problem (CNDP) is
typical in complex network analysis, where its enhancement
or failure will significantly improve or degrade the function-
ality of the target network and can better understand or con-
trol the behavior of nodes in complex networks.[3] Identify-
ing a set of influential and important nodes in complex net-
works plays a crucial role in advertising placement,[4] rumor
control,[5] epidemic prevention and control,[6] etc. With the
complexity of human society and the increasing demand for
large-scale, complex systems, the study of the importance of
complex network nodes has received increasing attention. The
study of mining important nodes in complex networks has im-
portant research significance and practical value for network
data science and mining network functions.

In complex networks, different types of network nodes
have specific properties, and some special nodes that can ma-
nipulate the entire network data transmission and information

dissemination are called important nodes,[7,8] for example,
predictive dissemination of financial risk research institutions
in the field of finance,[9] online social networking platforms
with a strong ability to disseminate online bloggers,[10] and
important transportation hubs that undertake transportation
in road traffic networks.[11] Thus, several ranking algorithms
have been proposed to evaluate the importance of nodes based
on network features or node attributes, which can be broadly
classified into categories such as node neighborhood-based,
node path-based, node feature vector-based, node location-
based, and node multi-attribute decision-based methods.[12]

Measuring the importance of a node based on its local
neighborhood primarily involves evaluating its significance by
considering its own information within the local neighbor-
hood structure of the network and the importance of neigh-
boring nodes within that neighborhood. Degree centrality
(DC)[13]and H-index[14] are classical algorithms based on the
node neighborhood, which mainly consider the number or de-
gree of one-hop neighboring nodes to measure the importance
of nodes and are an intuitive and simple node ranking algo-
rithm, but because only one-hop neighboring nodes are con-
sidered, the influence of more distant nodes and network topol-
ogy information is ignored, resulting in the accuracy rate of
identifying important nodes not high.[15]

Although algorithms based on local neighborhood node
importance sorting can quickly and intuitively reflect the im-
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portance of nodes, their low accuracy leads to ranking results
that are not suitable for practical applications. Subsequently,
researchers proposed a class of path-based sorting algorithms
that measure the importance of nodes in the global network
based on the number of shortest paths between nodes.[16]

The representative node-path-based algorithms are between-
ness centrality (BC)[17] and closeness centrality (CC),[18] BC
by calculating the number of shortest paths between nodes in
the network and CC by calculating the inverse of the average
distance from nodes to other nodes in the network, this type
of node-centricity algorithm focuses on the global structure
of the network and only considers the shortest path informa-
tion between nodes without considering the path, which will
not be able to describe the importance of the nodes for uncon-
nected networks and lead to the high computational complex-
ity of the model, which has some limitations for large-scale
networks.[19]

The importance of a node depends not only on the number
of its neighboring nodes but also on the importance of those
neighbors. The idea behind feature vector-based sorting al-
gorithms is to calculate the weight value of a node based on
the eigenvector of the network adjacency matrix. It empha-
sizes both the quantity and quality of neighboring nodes in the
network where the node resides. The importance of a node
is evaluated by considering the relationship between its own
weight and the weights of its neighboring nodes. Eigenvec-
tor centrality (EC)[20] and PageRank (PR)[21] algorithms are
representative algorithms based on the node eigenvector cen-
trality. However, due to the involvement of matrix operations,
this type of algorithm has high computation complexity and
slow convergence speed, making it unsuitable for large-scale
networks and prone to being trapped in loops.[22]

In addition, by decomposing the complex network struc-
ture, the importance of a node is determined based on its po-
sition in the network. The classical algorithms based on node
location are K-shell decomposition, which divides the nodes in
the network into different levels according to K-shell values,
and the closer a node is to the center of the network, the more
influential that node is, but this method cannot distinguish the
importance of nodes in the same level.[23]

With the increase of uncertainty in complex net-
works, researchers have proposed a node centrality mea-
sure based on the multiple attribute decision-making methods
(MADMs).[24,25] The idea of this algorithm is to define node
centrality as a combined performance under multiple attribute
perspectives, or to use the technique for order of preference by
similarity to ideal solution (TOPSIS) to perform weighted cal-
culations based on different attribute weights, and ultimately
obtain a comprehensive ranking result for the nodes.[26] Wang
et al.[27] proposed a centroidal of centripetalism to evaluate the
importance of nodes more comprehensively from their global,

local, and semi-local topological information. Qiu et al.[28]

improved the traditional degree centrality by introducing the
concept of local clustering coefficients to measure the local
influence of nodes, improving the classical K-shell algorithm
to measure the global influence of nodes, and proposing a lo-
cal and global influence (LGI) algorithm for identification and
ranking of influential nodes in complex networks.

In the aforementioned method based on the multi-
attribute decision-making for nodes, the comprehensive con-
sideration of local and global features of nodes overlooks the
self-influence of nodes. In this paper, we propose a new node
importance ranking algorithm called SLGC algorithm from
the perspective of multi-attribute decision-making for nodes,
considering the self-influence of nodes. Compared to exist-
ing methods based on the multi-attribute decision-making for
nodes, the proposed SLGC algorithm takes into account the
self-influence of nodes, defines a new metric for local influ-
ence by considering the quantity and quality of the neighbor-
ing nodes within the node’s local neighborhood, and intro-
duces the concept of Shannon entropy. Additionally, it defines
a new metric for global influence based on the node’s posi-
tion in the overall network and the topology structure between
nodes. By integrating these three dimensions of metrics —
node’s self-influence, local-influence, and global-influence —
the SLGC algorithm comprehensively determines the node’s
importance in a complex network and identifies influential
nodes. The main innovation of our research in the SLGC al-
gorithm lies in:

(i) From the perspective of the self-influence of nodes.
Starting from the node’s own attributes, we introduce an e-
exponential function to limit the overestimation of the node’s
own importance due to large differences in node degrees.
Based on the degree of the node and the maximum degree
of the network, we define a new metric for self-influence of
nodes, constraining it between (1, e).

(ii) From the perspective of the local influence of nodes.
Within the node’s local neighborhood, we consider the quan-
tity and quality of the node’s first-order and second-order
neighboring nodes to define a new metric called node’s lo-
cal average degree. Then, we calculate the node’s local de-
cision probability and introduce Shannon entropy to construct
the node’s entropy-weighted local degree centrality as an eval-
uation of the node’s local influence.

(iii) From the perspective of the global influence of nodes.
In the global topological structure of the network, we assign
each node with a corresponding K-shell value based on its po-
sition in the network. Simultaneously, we calculate the short-
est path between any two nodes in the network to evaluate the
node’s global influence.

The rest of this article is composed as follows. Sec-
tion 2 briefly introduces the basic concepts of complex net-
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work graph data and node centrality ranking algorithm. Sec-
tion 3 outlines the SLGC algorithm proposed in this paper.
Section 4 analyzes the experimental results, including the
data set, node distinguishability experiments, node propaga-
tion ability experiments, and network model efficiency exper-
iments. And Section 5 summarizes our research results and
algorithm highlights.

2. Preliminaries
Mathematically, any complex network can be represented

as a graph G = (V,E), where the set of nodes is denoted as
V = {v1,v2,v3, . . . ,vn} and the set of connected edge relations
between nodes is denoted as E = {e1,e2,e3, . . . ,em}.

Without loss of generality, we assume that the graph G =

(V,E) is an undirected and unweighted complex graph net-
work data, and the information of nodes and edges in the com-
plex network is described by the adjacency matrix A =

{
ai j
}

.
The adjacency matrix describes the connection relationship
between each node, and for the undirected and unweighted
complex network, the adjacency matrix of the nodes is a sym-
metric matrix, and both ai j and a ji in the adjacency matrix are
1 if there is a connection between node vi and node v j, other-
wise they are 0.

2.1. Degree centrality

The degree of a node is defined as the number of neigh-
boring nodes that are directly connected to it. According to the
degree of a node, the more neighboring nodes that are directly
connected to it, the greater its influence in the network[13]

ki = ∑
j∈φ(i)

ai j, (1)

where ai j denotes the existence of a connection between node
vi and node v j in the network adjacency matrix.

Normalized degree centrality

DC(vi) =
ki

N−1
, (2)

where ki denotes the degree of node vi and N is the total num-
ber of nodes in the network.

2.2. Betweenness centrality

Betweenness centrality is a node centrality measure based
on the global topology of the network, and the importance of
a node is measured by the shortest path of the node, according
to which the more the shortest path, the more important the
node is[17]

BC(vi) = ∑
j,k 6=i

g jk (vi)

g jk
, (3)

where g jk is the number of the shortest paths between node v j

and vk. g jk (vi) is the number of shortest paths between node
v j and node vk through node vi.

2.3. Closeness centrality

Closeness centrality is a centrality measure based on the
global topology of the network, where the closeness centrality
of a node is calculated as the reciprocal of the sum of the short-
est paths between the node and other nodes, and the closeness
centrality of a node is defined based on the reciprocal of the
average shortest path of the node[18]

CC(vi) =
N−1
∑

j 6=1, j 6=i
di j

, (4)

where N denotes the number of nodes in the network and di j

is the shortest path between node vi and node v j.

2.4. Eigenvector centrality

The importance of a node takes into account not only
the information of the node itself but also the information of
neighboring nodes. Feature vector centrality defines node im-
portance based on the centrality of neighboring nodes. Based
on the adjacency matrix A of a given network, the feature vec-
tor centrality is defined as[20]

Ax = λx, EC(vi) = xi =
1
λ

n

∑
j=1

ai jx j, i = 1,2,3, . . . ,n, (5)

where λ is the maximum eigenvalue of the adjacency matrix
of the network and 1/λ is used as a scaling constant, only the
eigenvector corresponding to the maximum eigenvalue is re-
quired for the centrality measure, and xT = {x1,x2, . . . ,xn} is
the corresponding eigenvector.

2.5. PageRank centrality

The PageRank algorithm is a variant of eigenvector cen-
trality, which was initially used by Google to rank web pages.
The algorithm is calculated based on the structure and number
of connections of nodes in the network, and the PR of a node
is not simply calculated with the number of its neighboring
nodes, but the sum of the weights of the related nodes, which
are derived based on the iterative formula of the PageRank,
which is calculated as follows:[21]

PRC(vi) =
1−d

N
+d ∑

v j∈Γ (vi)

PR(v j)

Out(v j)
, (6)

where PRC(vi) denotes the PageRank value of node vi, d is the
damping factor, N is the total number of the network nodes,
PR(v j) denotes the PageRank value of node v j, Out(v j) de-
notes the number of connections from node vi to other nodes.
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2.6. Clustered local-degree centrality

The algorithm calculates the sum of the degrees of the
nearest neighbors of a given node and introduces the clustering
coefficients of the nodes to propose a new centrality measure
called clustering local degree centrality for identifying impor-
tant nodes in the network, defined as follows:[29]

CLD(vi) = [1+C (vi)] ∑
v j∈Γ (vi)

k (v j), (7)

C (vi) =
2Li

(ki (ki−1))
, (8)

where ki denotes the degree of the node, C (vi) denotes the
clustering coefficient of the node, and Li denotes the number
of contiguous edges existing between the neighboring nodes
of node vi.

2.7. Global structure model

The algorithm proposes a new node centrality metric for
identifying influential nodes based on the node global struc-
ture model, which considers the node’s self influence while
emphasizing the node’s global influence in the network topol-
ogy, defined as follows:[30]

GSM(vi) = e
Ks(vi)

N ×∑
i6= j

Ks(v j)

di j
, (9)

where Ks(vi) denotes the K-shell value of the node and di j

denotes the shortest distance between nodes vi and v j.

2.8. Local-and-global centrality

The algorithm considers the degree of nodes and the
shortest distance between nodes and proposes a new algorithm
based on local and global centrality measures of nodes to iden-
tify key nodes by processing the local and global topology of
nodes in the network, defined as follows:[31]

LGC(vi) =
d (vi)

n
×∑

i6= j

√
d (v j)+α

di j
, (10)

where d (vi) denotes the degree of the node, di j denotes the
shortest distance between nodes vi and v j, and α , as the de-
gree of influence of the adjustable parameter control network,
lies in the range between 0 and 1.

3. The proposed method
The importance of nodes in a complex network is deter-

mined by three key factors: the influence of a node, the local
influence of a node, and the global influence of a node. The in-
fluence of a node is mainly provided by the degree of the node,
while the influence of a node is measured by introducing the
exponential function of e. Local influence is determined based
on the node’s one-hop neighboring nodes and two-hop neigh-
boring nodes jointly, and the concept of information entropy is

introduced to reflect the information sharing ability between
the node and its one- and two-hop neighboring nodes. The
global influence considers the information dissemination abil-
ity of the node in terms of the global structure of the whole
network, i.e., the location and shortest path of the node in the
network.

3.1. Definitions related to the SLGC algorithm

To describe the node importance evaluation index in
complex networks, the following definitions of node’s self-
influence, local influence, and global influence are given in
this paper.

Definition 1. Self-influence of node (SIN) The degree of
a node can directly reflect its information dissemination ca-
pacity. Nodes with higher degrees tend to be more impor-
tant. However, this may lead to the neglect of nodes with
lower degrees. To avoid this situation, we introduce the e-
exponential function to limit the node’s self-influence within
the range of (1, e), thereby preventing an excessive evalua-
tion of the node’s own importance, defining SIN, the node’s
self-influence is calculated as

SIN(vi) = e
d(vi)

1+kmax , (11)

where d (vi) is the degree of the node and kmax is the maximum
degree of the node in the network.

Definition 2. Local-influence of nodes (LIN) The im-
portance of a node depends not only on the number of nodes
it directly connects to but also on the quality of its immediate
neighbors and second-order neighbors. The larger the degree
of a node’s immediate neighbors and second-order neighbors,
the more significant the node is considered to be. Therefore, a
new local degree centrality method is proposed as follows by
introducing the Shannon entropy[32] in the local information
dimension of the node.

(i) Local average degree The local average degree of a
node reflects the average level of connectivity within its local
neighborhood, revealing the node’s capacity for information
sharing and propagation with its neighboring nodes. The lo-
cal average degree is calculated as the ratio of the sum of the
degrees of a node’s first-order and second-order neighboring
nodes to the degree of the node itself, denoted by knn and de-
fined as follows:

knn (vi) =

∑
v j∈Γ (vi)

d (v j)+ ∑

vk∈Γ (v j)
d (vk)

d (vi)
, (12)

where d (vi) denotes the degree of the node vi, d (v j) and d (vk)

denote the degree of the node’s one-hop neighboring nodes v j

and two-hop neighboring nodes vk, and Γ (vi) and Γ (v j) de-
note the set of nearest neighbor nodes and two-hop neighbor-
ing nodes of the node vi.

(ii) Local decision probability Based on the node’s own
attributes and the network structure between its first-order and
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second-order neighboring nodes, the local decision probabil-
ity of a node is defined to evaluate its level of connectivity
within the local neighborhood network, thereby revealing its
importance in information dissemination or control. The local
decision probability of a node is defined as the reciprocal of
the local average degree and is expressed as follows:

p(vi) =
1

knn (vi)
. (13)

(iii) Node local information entropy Shannon entropy
is a concept in information theory used to measure the uncer-
tainty of a random variable. In the context of ranking the im-
portance of nodes in complex networks, nodes can be seen as
information sources, and their neighboring nodes can be seen
as information related to that source. By introducing the defi-
nition of the Shannon entropy, we can evaluate the information
transmission capacity of a node within its local neighborhood.
Based on the local decision probability of each node involved
in information propagation, the definition of node’s local in-
formation entropy is as follows:

E (vi) =−
v j∈Γ (vi)

∑
i=0

p(vi) logp(vi) , (14)

where the probability of the local information entropy of a
node is represented by the local decision probability of the
node, and Γ (vi) denotes the set of one-hop neighboring nodes
of node vi.

(iv) Node local influence On the basis of the node de-
gree centrality measurement method, the node information en-
tropy is introduced to construct the entropy-weighted local de-
gree centrality as an indicator to measure the local influence
of nodes, which is defined as follows:

LIN(vi) = [1+E (vi)]
d (vi)

N
, (15)

where E (vi) is the information entropy of node vi, d (vi) is the
degree of node vi, and N is the total number of nodes in the
network.

Definition 3. Global-influence of node (GIN) When
considering only the local influence of a node often loses in-
formation about the topology of the node network, the time
and ability of the node to spread information with other nodes
as one of the indicators to measure the global influence of the
node, the K-shell value of the node’s direct neighbors also in-
directly increases the influence of the node, the K-shell value
measures the nucleus of each node in the network from the
global dimension of the network, the shortest path between
any two nodes in the network directly affects the ability of the
node to share information with other nodes, the shortest dis-
tance between two nodes is inversely proportional to the node,
so the global dimension influence is defined as follows:

GIN(vi) = ∑
i 6= j

√
Ks(v j)×d (v j)

d2
i j

, (16)

where Ks(v j) denotes the value of K-shell of nodes and di j

denotes the shortest path between node vi and node v j.
Definition 4. Total influence of node According to

the above-proposed node’s self-influence, local influence, and
global influence, the product of the three is used as the basis
for assessing the importance of the node by the SLGC method
proposed in this paper, therefore, the SLGC value of the node
is defined as

SLGC(vi) = SIN(vi)×LIN(vi)×GIN(vi)

= e
d(vi)

1+kmax × [1+E (vi)]
d (vi)

N

×∑
i 6= j

√
Ks(v j)×d (v j)

d2
i j

. (17)

Algorithm 1 provides the algorithmic description of
SLGC.

Algorithm 1 SLGC

Input: A network G = (V,E) // G is an undirected and unweighted
graph with V as the set of nodes and E as the set of edges.

Output: A ranking list of node’s influence.
Begin
Initialize the information
For each node v in V do

For each node u in V do
Calculate the degree deg(v) and the max degree kmax

Calculate the Ks(v) using K-shell decomposition
Using Dijkstra calculate the shortest distance duv

End for
End for
SIN = /0 // self influence
LIN = /0 // local influence
GIN = /0 // global influence
For each node in V do

Calculate self influence SIN(v) using Eq. (11).
End for
For each node v in V do

Calculate the knn using Eq. (12).
For each (u,v) ∈ E do

puv = 1/knn

Huv =−puv log puv

For each node v in V do
Ev = ∑u∈Γv Huv

Calculate local influence LIN(v) using Eq. (15).
End for

End for
For each node v in V do

Calculate global influence GIN(v) using Eq. (16).
∀ indices i 6= j for Eqs. (16) and (17).

End for
For each node v in V do

Calculate SLGC(v) using Eq. (17).
End for
Sort the nodes in descending order based on SLGC
scores to obtain the ranking list.
End
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3.2. Example of SLGC algorithm

The procedure of the proposed method is illustrated be-
low using a simple random network. The random network is
shown in Fig. 1, which contains 16 nodes and 21 edges. By
using the SLGC algorithm for this random network, the im-
portant nodes in the network are identified and the nodes are
ranked.

Ks/

Ks/

Ks/

1

9

2

4 3

8
7

15

6 5

11

12

10

13 14

16

Fig. 1. The random network for illustration.

Calculate step-by-step according to the SLGC algorithm
flow.

Step 1: in a given network, the first step is to perform K-
shell decomposition by partitioning the network based on the
position of nodes within the network, resulting in each node
being assigned a K-shell value. Simultaneously, the degree
value of each node is calculated. The values are shown in the
following table.

Table 1. Degree and Ks values of nodes.

Node v1 v2 v3 v4 v5 v6 v7 v8 v9 v10 v11 v12 v13 v14 v15 v16

d (vi) 8 4 4 5 2 2 1 1 4 4 1 1 1 2 1 1
Ks(vi) 3 3 3 3 2 2 1 1 2 2 1 1 1 1 1 1

Step 2: by calculating the degree values of nodes in the
given random network, we obtain the maximum degree value
kmax as 8. Based on the degree values of each node obtained
in the first step and the maximum degree value in the network,
we can calculate the SIN value of nodes in the random network
using the e-exponential function.

Table 2. SIN value of the node.

Node SIN(vi) Node SIN(vi)

v1 2.4324 v9 1.5596
v2 1.5596 v10 1.5596
v3 1.5596 v11 1.1175
v4 1.7429 v12 1.1175
v5 1.2488 v13 1.1175
v6 1.2488 v14 1.2488
v7 1.1175 v15 1.1175
v8 1.1175 v16 1.1175

Step 3: to calculate the local average degree and local
clustering probability of each node in a random network based
on the node’s degree within its local neighborhood and the net-
work structure, we introduce the concept of Shannon entropy
to compute the local information entropy of each node. Subse-
quently, we can calculate the LIN value of nodes in the random
network.

Table 3. LIN value of the node.

Node knn (vi) p(vi) E (vi) LIN(vi)

v1 5.75 0.1739 1.7794 1.3897
v2 9.0 0.1111 1.0237 0.5059
v3 8.0 0.1250 0.2441 0.5206
v4 10.5 0.0952 1.0826 0.7311
v5 9.6 0.1042 1.3396 0.1918
v6 10.0 0.1000 0.5345 0.1918
v7 10.0 0.1000 0.5345 0.0815
v8 16.0 0.0625 0.3042 0.0815
v9 16.0 0.0625 0.3042 0.0815
v10 7.5 0.1333 1.0597 0.5103
v11 6.0 0.1667 1.0414 0.0793
v12 8.0 0.1250 0.2687 0.0793
v13 8.0 0.1250 0.2687 0.0812
v14 8.0 0.1250 0.2986 0.2057
v15 5.0 0.2000 0.6452 0.0778
v16 4.0 0.2500 0.3219 0.0826

Step 4: based on the degree and K-shell values of nodes
in the random network obtained in step one, we can use Di-
jkstra’s algorithm to calculate the shortest paths between any
two nodes in the network, and then calculate the GIN value for
each node in the random network.

Table 4. GIN value of the node.

Node GIN(vi) Node GIN(vi)

v1 21.3550 v9 15.1530
v2 16.6407 v10 13.7992
v3 18.4585 v11 7.2755
v4 20.4487 v12 7.2755
v5 11.6449 v13 6.9334
v6 11.6449 v14 7.7187
v7 10.3949 v15 8.0942
v8 10.3949 v16 4.1071

Step 5: based on the above-obtained node SIN value, LIN
value, and GIN value, calculate the SLGC value of the nodes
and sort the nodes.

Table 5. SLGC values of nodes and sorting results.

Node SLGC(vi) Rank Node SLGC(vi) Rank

v1 72.18644 1 v5, v6 2.789185 7
v4 26.05643 2 v14 1.982765 8
v3 14.98697 3 v7, v8 0.946729 9
v2 13.12954 4 v15 0.703722 1
v9 12.16844 5 v11, v12 0.644738 11
v10 10.98228 6 v16 0.379108 12
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From Table 5, it can be seen that node v1 has the largest
SLGC value, indicating that it has the strongest importance;
nodes v5 and v6, nodes v7 and v8, and nodes v11 and v12 have
the same SLGC value, indicating that they have the same im-
portance; in Table 1, node v9 and node v10 have the same de-
gree value and K-shell value, therefore, the traditional method
cannot distinguish the importance of the two nodes; whereas,
from Table 3, it can be seen that the local influence of node
v9 is slightly higher than that of node v10, and Table 4 shows
that the global influence of node v9 is higher than that of node
v10, which leads to a more obvious differentiation between the
influence of node v9 and node v10 in Table 5, indicating that
the accuracy of the proposed method for node identification is
better than that of the existing methods. The detailed experi-
mental analysis will be given in Section 4.

3.3. Computational complexity analysis of SLGC

Time complexity is an important indicator to measure the
quality of an algorithm. The proposed SLGC algorithm con-
sists of three main components: computing the self-influence,
local influence, and global influence of nodes. The time com-
plexity of the SLGC algorithm is given below.

(i) For an undirected graph, when computing the self-
influence of nodes, it is necessary to traverse all nodes n, cal-
culate the degree value of each node and perform exponential
function computation once, with a time complexity of O(n).

(ii) When calculating the sum of degrees of one- and two-
hop neighboring nodes for each node, it is necessary to tra-
verse the first- and second-order neighboring nodes of each
node once, resulting in a time complexity of O

(
n2
)
.

(iii) When calculating the information content of a node,
it is necessary to perform a local average degree calculation on
the neighboring nodes of each node, with a time complexity of
O
(
n2
)
.

(iv) When computing the information entropy of nodes, it
is necessary to traverse each node’s neighbor nodes and accu-
mulate information value during the traversal process, with a
time complexity of O

(
n2
)
.

(v) Using Dijkstra’s algorithm to calculate the shortest
path between two nodes or calculate the K-shell value of a
node has a time complexity of O

(
n2
)
.

(vi) When computing the self-influence, local influence,
and global influence of nodes, it is necessary to perform one
computation for each node, with a time complexity of O(n).

Therefore, the time complexity of the SLGC algorithm is
O
(
n2
)
.

4. Experiment and analysis
In this section, we use six real-world complex networks

with different properties as test datasets to verify the effective-
ness of our proposed method. We compare our method with a
total of eight most commonly used and latest node centrality

measures, including degree centrality, betweenness centrality,
closeness centrality, eigenvector centrality, PageRank, cluster
local degree centrality (CLD), global structure model (GSM),
and local-and-global centrality (LGC).

The following three metrics are used to evaluate the pro-
posed SLGC node centrality metric.

Differentiation This reflects the ability of the method
to distinguish the node influence ranking, mainly including
the monotonicity function, the distinct metric based evalua-
tion criterion, and the complementary cumulative distribution
function.

Accuracy This reflects that the node ranking obtained by
the method can be more conducive to the dissemination of
information and mining the nodes with strong dissemination
ability in the network.

Efficiency This reflects the network running time of the
algorithm in identifying important nodes.

4.1. Datasets

In this experiment, six real-world networks with different
properties are selected, including Jazz,[33] EEC,[34] Email,[35]

Hamster,[36] Facebook,[37] and PGP.[38] As Table 6 shows
the relevant statistical characteristics of the six real networks,
where |N| and |M| are the number of edges and nodes, 〈K〉 is
the average degree. The last two columns indicate the maxi-
mum degree Kmax and average cluster coefficients 〈C〉 of the
networks.

Table 6. The statistical features of six real-world networks.

Networks |N| |M| 〈K〉 Kmax 〈C〉

Jazz 198 2742 27.68 100 0.520
EEC 986 16064 32.584 273 0.4505
Email 1133 5451 9.622 71 0.2202

Hamster 2426 16631 13.711 273 0.5376
Facebook 4039 88234 43.691 1045 0.6638

PGP 10680 24316 25.316 205 0.2659

4.2. Differentiation
4.2.1. Monotonicity based evaluation criterion

In this experiment, the discriminative power of the pro-
posed method versus other methods on the generated ranking
results is studied by using the monotonicity function[39]

M (R) =

1−
∑

r∈R
|V |r× (|V |r−1)

|V |× (|V |−1)

2

, (18)

where R is the ranked list of node importance generated by
different methods, |V |r denotes the number of nodes assigned
to the ranked list r, and |V | denotes the total number of nodes
in the network. If the ranking list R has better discriminative
power, then a higher value indicates that the method has better
node ranking performance.
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Table 7. The M values of different methods on six real-world networks.

Network DC BC CC EC PR CLD GSM LGC SLGC

Jazz 0.9659 0.9885 0.9878 0.9992 0.9993 0.9992 0.9992 0.9992 1
EEC 0.9571 0.9551 0.9982 0.9998 0.9998 0.9997 0.9998 0.9998 0.9999

Email 0.8873 0.9400 0.9988 0.9998 0.9998 0.9974 0.9998 0.9998 0.9999
Hamster 0.8979 0.7123 0.9850 0.9856 0.9622 0.9836 0.9857 0.9856 0.9999
Facebook 0.9739 0.9855 0.9966 0.9998 0.9998 0.9998 0.9998 0.9998 0.9999

PGP 0.6193 0.5118 0.9996 0.9997 0.9997 0.9641 0.9997 0.9997 0.9998

Table 8. DM values of different methods on six real-world networks.

Network DC BC CC EC PR CLD GSM LGC SLGC

Jazz 0.3131 0.8939 0.6414 0.9646 0.9696 0.9646 0.9646 0.9646 1
EEC 0.1419 0.8488 0.6855 0.9756 0.9756 0.9513 0.9756 0.9766 0.9797

Email 0.0423 0.8181 0.7405 0.9761 0.9761 0.7466 0.9744 0.9761 0.9779
Hamster 0.0457 0.5193 0.5539 0.6838 0.6838 0.5746 0.6846 0.6859 0.9901
Facebook 0.0562 0.8695 0.3005 0.9571 0.9581 0.9408 0.9160 0.9546 0.9801

PGP 0.0077 0.3038 0.6617 0.7486 0.7470 0.2144 0.7706 0.7890 0.8415

Table 7 shows the monotonicity values of eight different
node centrality measures for six real complex networks. The
monotonicity value of SLGC tends to be 1 on each network,
which is significantly higher than other methods, verifying the
goodness and monotonicity of the proposed method for node
ranking performance.

4.2.2. The distinct metric based evaluation criterion

The distinct metric (DM) of nodes is another metric used
to test the ability to distinguish nodes differentiation by per-
forming statistics on the ranking results of nodes, defined as
follows:[40]

DM(R) =
number of nodes with distinct ranks

|V |
, (19)

where R denotes the ranking list generated by different meth-
ods, |V | denotes the total number of nodes in the network, and
DM takes values in the range of [0,1], the higher the value of
DM indicates that the method has a better ability to differenti-
ate the nodes in the network.

According to the display in Table 8, it can be concluded
that the DM values of SLGC are higher than other methods
on all six complex networks, which indicates that the nodes in
the network are resolved to be assigned to different ranks and
have high differentiation ability for nodes.

4.2.3. Complementary cumulative distribution func-
tion based evaluation criterion

The complementary cumulative distribution function
(CCDF) further standardizes the node ranking distribution of
the ranking methods by generating node rankings for differ-
ent node centrality metrics to better assess the differences
in node ranking lists between methods and the node impor-
tance capabilities. The mathematical definition of CCDF is as

follows:[41]

CCDF(R) =
n−

R
∑

i=1
ni

n
, (20)

where R denotes the node ranking list and n denotes the num-
ber of network nodes. According to this formula, from the
perspective of distinguishing nodes’ differentiation ability, the
more nodes are assigned different ranks for ranking the bet-
ter the method can show and the stronger the method’s abil-
ity to distinguish nodes, which helps to select the more effec-
tive top N nodes from the network node ranking for dissemi-
nating information; if each node is assigned a different rank,
the CCDF curve result will gradually converge to zero with a
smooth slope, and if all nodes are assigned the same rank, the
CCDF curve result will rapidly converge to zero.

As Fig. 2 shows the CCDF curve results on six real net-
work datasets, it can be concluded that due to the degree cen-
trality assigning node ranking ranks according to node de-
grees, which leads to most nodes in the same rank, the cor-
responding CCDF curve results will also converge to zero
rapidly; the CCDF curve graph of the SLGC algorithm pro-
posed in this paper converges to zero gently, reflecting that the
algorithm has the optimal node. The CCDF curve of the pro-
posed SLGC algorithm tends to zero gently, which reflects that
the algorithm has optimal node distribution and monotonicity
performance, and better distinguishes the differences between
node rankings.

4.3. Accuracy

The SIR model is a common mathematical model used to
describe the spread and control of infectious diseases, which
is applied to describe the spreading process of a disease in a
closed population. In this experiment, the SIR epidemic trans-
mission model is used to model the transmission of infectious
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diseases for ranked lists generated by different methods, in
order to identify the transmission capacity and efficiency of
nodes in complex networks. In the SIR model, nodes are di-
vided into three states: susceptible, infected, and recovered.
A susceptible person can be infected by contacting with an
infected person with a certain probability. The infected node
remains infected for a certain period and then enters the recov-
ered state with a certain recovery probability and no longer in-
fects other nodes. The SIR model can be described by a set of
differential equations, where S, I, and R denote the number of
susceptible, infected, and recovered individuals, respectively.
The differential equations of SIR are[42]

ds(t)
d (t)

=−β s(t) i(t) ,

di(t)
d (t)

= β s(t) i(t)−µi(t) ,

dr (t)
d (t)

= µi(t) ,

(21)

where s(t), i(t), and r (t) denote the number of nodes in sus-
ceptible, infected, and recovered states, respectively; β de-
notes the infection probability and µ denotes the recovery
probability.

The performance of the proposed algorithm can be mea-
sured by the spreading capability of the selected initial nodes.
Based on the SIR model, the network infection quantity F (t)

at time t is defined as the ratio of the sum of infected nodes
and recovered nodes within a unit of time to the total number
of nodes in the network. It is defined as follows:

F (t) =
nI (t)+nR (t)

N
, (22)

where F (t) represents the network infection level at time t,
nI (t) represents the number of infected nodes at time t, nR (t)
represents the number of recovered nodes at time t, and N rep-
resents the total number of nodes in the network.

In this experiment, the first ten nodes of each method
are selected as the initially infected nodes, and the remaining
nodes are in the susceptible state. During the simulation ex-
periment, the node overview in the network is the sum of the
number of infected nodes and the number of recovered nodes,
and the infected nodes infect the surrounding nodes in the sus-
ceptible state with the infection probability β . The infection
probability β is set to 0.1, and the recovery probability is set
to µ as 1. The propagation time is denoted by t, and each ex-
periment is run 100 times independently. As shown in Fig. 3,
the number of infected nodes F (t) is used as the size of the in-
fection ability of the selected initial node in a specific period,
and the larger F (t) is in the same propagation time, the larger
the size of the node’s impact under the method, which further
indicates the stronger own influence of the node’s initial test
infected node selected according to the method.

(a) Jazz (b) EEC (c) Email

(d) Hamster (e) Facebook (f) PGP

Fig. 2. The CCDF plots for ranking lists were obtained by different methods on six real-world networks.
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Fig. 3. The influence of propagation for the top-10 raking effect using SLGC and other benchmarks, where F(t) represents the number of infected
and recovered nodes at the time t in the range between 0 and 20.

4.4. Efficiency

In this experiment, the running time of each method on
six real network datasets is investigated, and a shorter running
time for a certain method indicates better efficiency. The ef-
ficiency of each method in identifying and ranking important
nodes is reflected in terms of the running time. As shown in
the figure, each node centrality measure is independently exe-
cuted 100 times on each network, and the average run time is
taken to quantify the efficiency of each method for node iden-
tification and ranking.
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Fig. 4. Running time of different methods on six datasets.

As shown in Fig. 4, the SLGC algorithm takes less time
to run than BC on all six datasets. On Jazz, EEC, and Email
datasets, the SLGC algorithm takes the same amount of time
as GSM and LGC, and on Facebook and PGP large-scale
datasets, the SLGC algorithm not only takes less time than
BC, but also takes less time than LGC algorithm. It is obvious
that although DC takes little time to calculate node centrality,

DC only considers the number of connected edges of nodes
as an evaluation index and has a lower monotonicity value,
while BC algorithm is a slower algorithm on most data and
data pairs because it considers the shortest path and number of
nodes in the data. As a whole, the SLGC algorithm increases
the computing time relatively by a small amount on the basis
of improving the accuracy of the node centrality metric; there-
fore, in terms of network running time, the SLGC algorithm is
in a relatively intermediate position among all methods.

5. Conclusion
Mining and ranking of important nodes of complex net-

works has become one of the research hotspots of complexity
theory. In this paper, we propose a new node centrality mea-
surement method, the SLGC algorithm. In response to the lim-
itations of traditional classical algorithms that only consider
single-dimensional node features and the inaccurate results of
existing node centrality measurement algorithms, we adopt the
idea of multi attribute decision making for node importance
ranking. We explore influential nodes in complex networks by
considering the node’s own attributes, the quantity and quality
of neighboring nodes within its local neighborhood, and intro-
ducing information entropy to study the node’s local influence.
Additionally, we calculate the global influence through K-shell
decomposition and the shortest paths between nodes.

By applying the SLGC algorithm to six different types
and scales of real-world complex networks, we fully demon-
strate its effectiveness in partitioning nodes into different ranks

118902-10



Chin. Phys. B 32, 118902 (2023)

and better distinguish the influence of nodes from three as-
pects: monotonicity value, ranking value, and complemen-
tary cumulative distribution function. Furthermore, we vali-
date the effectiveness of the proposed algorithm by simulating
the spread of nodes in practical scenarios using the SIR model.
The proposed method measures the importance of nodes from
multiple dimensions and statistical features, and its time com-
plexity is intermediate among node centrality measurement
methods. This method improves the ranking of node impor-
tance in complex networks while ensuring network operational
efficiency, and it can be applied to complex networks of vari-
ous sizes and scales.

Experimental results show that the proposed method ef-
fectively differentiates and propagates nodes, outperforming
existing benchmark methods. However, the current SLGC al-
gorithm is limited to unweighted networks. Therefore, in fu-
ture research, we will incorporate the study of weighted net-
works into the proposed method, which could present one of
the challenges for developing a more accurate and widely ap-
plicable algorithm for ranking the importance of nodes in com-
plex networks.
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[10] Alp Z Z and Öğüdücü Ş G 2019 Knowl-Based Syst. 163 944
[11] Ding R, Ujang N, Hamid H B, Manan M S A, Li R, Albadareen S S M,

Nochian A and Wu J J 2019 Netw. Spat. Econ. 19 1281
[12] Ait Rai K, Machkour M and Antari J 2023 Beni-Suef University J. Ba-

sic Appl. Sci. 12 18
[13] Freeman L C 1978 Soc. Netw. 1 215
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