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Identifying influential users and measure the influence of nodes in social networks have become an inter-
esting and important topic of research. It is crucial to find out to what extent individuals influence each
other because it can be used to control rumors, diseases, and diffusion. There are numerous relevant mod-
els most of which are based on a homogeneous network. However, in the real world, we face heteroge-
neous networks where the nodes and edges are different types. A network is homogeneous if and only if
the edges and nodes are of the same type, and it is considered heterogeneous if the nodes and edges are
different. In heterogeneous networks, there is a concept known as meta-path, which indicates the type of
communication between two nodes. In this paper, we aim to locate influential nodes by calculating the
entropy of different meta-paths. To evaluate information diffusion in a heterogeneous network, we used
the known susceptible-infectious model. The results of our experiments on three real-world networks’
dataset show that the proposed method outperforms state-of-the-art influence maximization algorithms.

� 2020 Elsevier Ltd. All rights reserved.
1. Background & summary

Social networks are shaping and reshaping people’s everyday
life and frequently we see a new one borrowing the key features
(friendships, relations, posts, reactions, etc.) but introducing new
features (e.g. privacy, circles, etc.). In this era, based on popularity,
they can influence others opinion and behavior. Social influence
(Althoff, Jindal, & Leskovec, 2017; Wen & Deng, 2020) occurs when
individuals change their behavior or opinion under the influence of
others depending on a variety of factors such as the relationship
between individuals and the type of network (Mohammadinejad,
Farahbakhsh, & Crespi, 2018). Health care (Shakya et al., 2017),
online recommendation (Flanagin, 2017), career choices (Eesley &
Wang, 2017), rumor spreading (Fraigniaud & Natale, 2019), politi-
cal campaigning to reach out to a maximum audience (Vitak et al.,
2011), and virus spreading (Zhu, Li, & Gan, 2018) are affected by
social influence. Social influence (Liu, Jing, Zhao, Wang, & Song,
2017) has been broadly analyzed in social networks (Pei, Teng,
Shaman, Morone, & Makse, 2017). Social networks mainly intend
to identify the most influential users. Influential nodes are located
to control rumors (Borge-Holthoefer & Moreno, 2012; Wei & Deng,
2019), outbreak of diseases (Gu, Lee, Saramäki, & Holme, 2017;
Molaei, Khansari, Veisi, & Salehi, 2019) and, marketing (Chen,
Wang, & Wang, 2010).

Finding Influential nodes would be effective in the context of
Expert Systems. Tselykh and et al. (Tselykh, Tselykh, Vasilev, &
Barkovskii, 2018; Mohammadinejad et al., 2018) used the maxi-
mization of the spread of influence in an expert system for solving
the knowledge-discovery problem. A bottleneck of expert systems
(ESs) is the problem of knowledge acquisition (KA) and the
automation of this process, which remains a topical concern. They
(Tselykh, Vasilev, & Tselykh, 2020) also proposed a new influence
productivity assessment methodology that is a cognitive intelli-
gence system for the scenario planning of control impacts (gener-
ation and choice). Besides, some papers (Dinh & Thai, 2011; Shen,
Nguyen, Xuan, & Thai, 2012; Tselykh, Vasilev, & Tselykh, 2019)
tried to find influential nodes for assessing network vulnerability.

There are two different groups of related problems. The first
group aim is to identify the single node of greatest importance.
Usually, the process starts from a single node in applications such
as an epidemic outbreak or spreading rumors. The second group
tries to find a set of nodes to maximize the final influence of
spreading. The first group of problems is generally referred to as
the ’most influential node identification’ in which most approaches
rank all nodes heuristically first based on some metric of node
importance and then select the top-ranking node as the most
important. Finding nodes to maximize influence in a network is
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Fig. 1. An Example of a heterogeneous network.
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known as the Influence Maximization (IM) problem. In this study,
we will focus on both groups by employing an entropy-based
approach.

How the spreading process is a particular interest, as there is an
assumption that influential nodes are most likely to be infected
(Mo & Deng, 2019; Yang, Wang, Lai, Xie, &Wang, 2011). It is critical
to understand the structure of various networks and their inter-
connections (Fei, Zhang, & Deng, 2018; Huang & Yu, 2017;
Malliaros, Rossi, & Vazirgiannis, 2016) which has mostly discussed
in homogeneous networks. Tang et al. (Tang et al. (2020)) intro-
duce a successful discrete shuffled frog-leaping algorithm (DSFLA)
to address the question of maximization of influence in a more
constructive way. A new encoding framework and distinct evolu-
tionary rules for the virtual frog population was formulated based
on network topology structure. Raychaudhuri and their colleagues
(Raychaudhuri, Mallick, Sircar, & Singh, 2020) explore the role of
local properties and node position in comparison to the entire net-
work for influential node identification. Ohara et al. (Ohara, Saito,
Kimura, & Motoda, 2020) suggested a predictive simulation
method focused on the leave-N-out cross-validation technique that
approximates well the error of the unknown ground truth for two
problems: one to estimate the influence degree of each node, and
the other to identify top-K influential nodes. Their suggested
method for the first issue estimates the approximation error of
the degree of each node’s influence, and the method for the second
issue estimates the precision of the derived top-K nodes.

In recent years, however, the focus has shifted to heterogeneous
networks (Molaei, Zare, & Veisi, 2020). An information network,
i.e., G = (V, E) with V nodes and edges, is homogeneous if and only
if the edges and nodes are of the same type. Conversely, it is
heterogeneous if it contains different nodes and edges. These edges
can be indicative of different types of relationships (Deng, Han,
Zhao, Yu, & Lin, 2011; Han, 2009; Sun & Han, 2013). In addition
to locating influential nodes in homogeneous networks (Liu, Lin,
Guo, & Zhou, 2016; Sun, Ma, Zeng, & Wang, 2016; Wang, Wang,
& Deng, 2019), numerous studies have been conducted on ranking,
classification, clustering, link analysis, semantic analysis and pre-
diction of homogeneous networks (Duan, Wei, Zhou, & Shum,
2012; Eliacik & Erdogan, 2018; Mihalcea & Tarau, 2004; Page,
Brin, Motwani, & Winograd, 1999; Ranjbar, Salehi, Jandaghi, &
Jalili, 2019; Zhang et al., 2019). In practice, however, most real-
world networks are heterogeneous. Moreover, the assumption of
network homogeneity may lead to loss of key semantic informa-
tion and failure to understand the information in its entirety.
Therefore, it is necessary to define a new paradigm to study hetero-
geneous networks and extend the recently developed tools in the
field of Network Science (Kivelä et al., 2014).

In heterogeneous networks, numerous studies have also been
conducted on semantic parsing (Bordes, Glorot, Weston, &
Bengio, 2012), link prediction (Bordes, Usunier, Garcia-Duran,
Weston, & Yakhnenko, 2013; Socher, Chen, Manning, & Ng, 2013;
Wang, Zhang, Feng, & Chen, 2014) and topic diffusion (Molaei,
Babaei, Salehi, & Jalili, 2018). Kuhnle et al. (Kuhnle, Alim, Li,
Zhang, & Thai, 2018) investigated multiplex Influence maximiza-
tion in Social Networks with Heterogeneous diffusion models. They
identified a new property, generalized deterministic submodular
ensures that the propagation on the multiplex overall is submodu-
lar. The proposed algorithm runs in each layer of multiplex net-
work in parallel.

Nonetheless, this paper concentrated on locating influential
nodes in heterogeneous networks using the concepts of entropy
and meta-path. Entropy was previously employed in Peng, Yang,
Cao, Yu, and Xie (2017) to locate influential nodes in a homoge-
neous network; the current study extends this concept to meta-
path in heterogeneous networks.
Meta-path P is defined based on the general scheme of
TG ¼ ðA;GÞ network where A represents the type of nodes, R repre-
sents the relationships between the nodes (type of edges), and rep-
resents the corresponding meta-path. It is displayed as
A1R1A2R2 . . .RlAlþ1 indicating a R1 [ . . . [ Rl composition function
between A1 and Alþ1. Moreover, o represents a composition opera-
tor on communications (Sun & Han, 2012). For instance, in DBLP (a
computer science bibliography), where nodes are the authors con-
nected through different functions, author-paper-author and
author-conference-author are considered as separate meta-paths.
As shown in Fig. 1, in DBLP network researchers can be connected
through opposite meta-path. This can be considered a meta-path
instance.

Scholars have not yet fully explored the concept of meta-path.
In this paper, the influential nodes were investigated in heteroge-
neous networks using the concepts of entropy and meta-path.
We compute the probability of a node influencing its neighbors
in each meta-path and select a subset of nodes so that the number
of nodes in the network that are influenced is maximized.

In this paper, a novel entropy-based method is proposed to find
the influential nodes in a graph. This proposed method combines
local and global information, which are two significant dimensions
in a network. Local information considers direct neighbors’ infor-
mation and global information contains indirect neighbors’ infor-
mation via meta-paths. These two kinds of entropy can find
influential nodes in a more reasonable and effective way. Based
on this foundation, this proposed structure entropy considers not
only the local structure but also the global structure, which modi-
fies the previous method which can focus on only one of the struc-
tural properties of the network.

Shannon first introduced the entropy theory (Shannon, 1948;
Sandoval, 2014). According to Shannon, the main problem of infor-
mation theory is how to reproduce at one point a message sent
from another point. If one considers a set of possible events whose
probabilities of occurrence are pi; i ¼ 1; . . . ;n, then a measure
Hðp1; p2; . . . ; pnÞ of the uncertainty of the outcome of an event given
such distribution of probabilities should have the following three
properties:

� Entropy ¼ �Pn
i¼1Pi log10 Pi;

� HðpiÞ should be continuous in pi;
� if all probabilities are equal, what means that pi ¼ 1

n, then H
should be a monotonically increasing function of n (if there
are more choices of events, and the uncertainty about one out-
come should increase).
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The main contributions of the study are as follows:

1. An entropy-based method was proposed to measure the influ-
ence of nodes on each other in order to obtain the influential
nodes. This method was extended to heterogeneous network
meta-path taking into account meta-path such as APA, APAPA,
ACA, and ACACA. The influence of each meta-path was consid-
ered separately.

2. The proposed method was based on neighbors, meta-path
instances and a combination of both.

3. A criterion was introduced to evaluate and compare the pro-
posed method with other conventional methods. The diffusion
method was based on susceptible-infectious (SI).

4. A presentation of an entropy based method that brings
improvements to the state-of-the-art methods.

Next, we review the relevant literature and discuss our pro-
posed method, and finally last Section includes the analysis of
results and conclusion.

2. Entropy Rank Method (ERM)

The entropy method was adopted to calculate the propagation
probability of each node. The entropy method was previously used
to maximize the diffusion through influential nodes in single-layer
networks (Peng et al., 2017). This study attempted to extend the
concept of entropy to meta-paths in heterogeneous networks.
Three categories of probability entropies were obtained: (1) based
on neighbors in each meta-path, (2) both neighbors and meta-path
instances simultaneously, and (3) based on the number of meta-
path instances.

Preliminaries:
Single-mediator meta-path: Meta-paths interconnected only

through one mediator (such as R) are called single-mediator. For
example, in meta-pathA1RA2, author A1 is connected to author A2

only through paper P.
Multi- or (n) mediator meta-paths: Meta-paths intercon-

nected through more than one mediator are called multi-
mediator. For example, in meta-path A1P1A2P2A3, author A1 con-
nected to author A3 through two papers (mediators) P1 and P2.

In this paper we covered short meta-path lengths because in
Sun, Han, Yan, Yu, and Wu (2011), we can see that the meta path
with relatively short length is good enough, and a long meta path
may even reduce the quality.

Algorithm 1. Finding Influential nodes

Input: Datasets
Output: Top Influential Nodes
PK
ij =The probability of reaching to node j from node i based on
neighbors in meta-path k

PrKij =The probability of reaching to node j from node i based
on neighbors and meta path instances in meta-path k

PcKij =The probability of reaching to node j from node i based
on meta path instances in meta-path k

If Ki =Entropy of node i based on neighbors in meta-path k

ImK
i =Entropy of node i based on neighbors and meta path
instances in meta-path k

IcKi =Entropy of node i based on meta path instances in meta-
path k

CK
ij =Number of instances between nodes i and j in meta-path
k

Create Graph G(V,E) from dataset:
(continued)

Algorithm 1. Finding Influential nodes

1. Calculate entropy based on Neighbors
For each Meta-path K calculates Pi

PK
A1A2

ðtÞ ¼ 1
NKA1ðtÞ

; PK1
A2
ðtÞ ¼

X
E2NK1

A2
ðtÞP

K1
EA2

ðtÞ

PK1
A1A2

ðtÞ ¼
X

paths from A1 to A�l
PK1
A2
ðtÞ � � � � � PKl�1

Al
ðtÞ

If Ki ðtÞ ¼
X

j2Ni
PK
ij ðtÞ log10 P

K
ij ðtÞ

InfoK
Fi ¼

If Ki ðtÞP
K

PNK
i ðtÞ

q¼1

2. Calculate Entropy Based on neighbors and meta path
instances

PK
A1A2

ðtÞ ¼ CK
A1A2

ðtÞP
E2NK

A1
AC

K
A1E

ðtÞ ; P
K1
A2
ðtÞ ¼

X
E2NK1

A2
ðtÞP

K1
EA2

ðtÞ

PK1
A1A2

ðtÞ ¼
X

paths from A1 to A�l
PK1
A2
ðtÞ � . . .� PKl�1

Al
ðtÞ

ImK
i ðtÞ ¼ �

X
j2Ni

PrkijðtÞ log10 Pr
k
ijðtÞ

InfoK
mi ¼

ImK
i ðtÞP

K

PNK
i

q¼1C
K
iqðtÞ

InfoMi ¼
X

K
InfokmiðtÞ

3. Calculate Entropy Based on meta path instances

PcKA1A2
ðtÞ ¼ CK

A1A2
ðtÞP

E2NK
A1

AC
K
A1E

ðtÞ

IcKi ðtÞ ¼ �
X

j2Ni
PckijðtÞ log10 Pc

k
ijðtÞ

InfoK
ci ¼

IcKi ðtÞP
K

PNK
i

q¼1C
K
iqðtÞ

Infoci ¼
X

K
InfokciðtÞ

4. Calculate Final Entropy for All meta paths

PFiðtÞ ¼ aInfofiðtÞ þ bInfociðtÞ þ cInfomiðtÞ
2.1. Entropy locating through neighbor nodes

2.1.1. Entropy locating based on neighbors
In Eq. (1), Pi should be replaced with probability of reaching

node i neighbors individually. As for single-mediator meta-path,
1

NK
i ðtÞ

in which NK
i ðtÞ is the number of neighboring nodes in K

meta-path. In case of multi-mediator meta-paths, however, the
probability of reaching node i neighbors is calculated differently;
first the node i neighbors must be identified. Generally, A1 node
is considered Al neighbor in meta-path A1R1A2R2A3 . . .Al�1Rl�1Al.
The probability of each of these neighbors should be calculated
and replaced with pi. Therefore, each n-mediator meta-path is con-
sidered as n single-mediator meta-path. In fact, we assume that
meta-path A1PA2PA3 has been broken into A1PA2 and A2PA3. In
other words, meta-path A1R1A2R2A3 . . .Al�1Rl�1Al is separated into



Fig. 2. Calculating probability with respect to neighbors.
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l� 1 single-mediator meta-paths. At each stage, probability is cal-
culated individually for each meta-path until Al is achieved. These
l� 1 single-mediator meta-paths are respectively called K1 to Kl�1.
At each stage, the probability of the two nodes that go to the same
node, or have a common neighbor, will be combined. At this stage,
the nodes are calculated based on the neighbors and not the num-
ber of meta-path instances, as is simply shown in Fig. 2:

As shown in Fig. 2, the probability of reaching the neighbors of
each node i is calculated only based on the number of neighbors
and not the number of meta-paths. For each general meta-path
such as A1R1A2R2A3 . . .Al�1Rl�1Al, the probability sampling for each
node to reach from A1 to Al is displayed in Eq. (1):

PK
A1A2

ðtÞ ¼ 1
NKA1ðtÞ

PK1
A2
ðtÞ ¼

X
E2NK1

A2
ðtÞ
PK1
EA2

ðtÞPK1
A1A2

ðtÞ

¼
X

paths from A1 to A�l

PK1
A2
ðtÞ � � � � � PKl�1

Al
ðtÞ ð1Þ

As shown in Eq. (2), for each node i in meta-path K; Pi is
replaced by PK

iNðtÞ for node i neighbors in entropy Equation, i.e.Ni.

If Ki ðtÞ ¼
X
j2Ni

PK
ij ðtÞ log10 P

K
ij ðtÞ ð2Þ
Fig. 3. Calculating probability with respect
Here,InfoKFiðtÞ is considered at t and in meta-path K to obtain
friendship between author i and its neighbors. We obtain the
entropy of given single and n-mediator meta-paths and finally
insert them in the following Equation. Each meta-path is assigned
a weight depending on its paths.

InfoKFi ¼
If Ki ðtÞP

K

PNK
i ðtÞ

q¼1 CK
iqðtÞ

ð3Þ

Normalization is achieved through dividing If Ki ðtÞ byP
K

PNK
i ðtÞ

q¼1 CK
iqðtÞ. In Eq. (3), InfoKFiðtÞ is considered between author i

and its neighbors at t and in meta-path K to calculate the entropy
based on the number of neighbors.

InfoFiðtÞ ¼
X
K

InfoKFiðtÞ ð4Þ

In Eq. (4) for all the single-mediator InfoKFiðtÞ is meta-paths the
friendship between author i and its neighbors at t.

2.1.2. Locating entropy with respect to neighbors and meta-path
instances

At this stage, the procedure is similar to before subSection 2.1.1,
except here the probability is calculated based on the number of
instances with respect to each meta-path.

As shown in Fig. 3, the probability of reaching from one node to
another is calculated based on the number of neighbors as well as
the number of connected instances between the two nodes. In each
meta-path, K1 to Kl�1 for reaching from each A1 node to Al node can
be calculated as follows:

PK
A1A2

ðtÞ ¼ CK
A1A2

ðtÞP
E2NK

A1
AC

K
A1E

ðtÞ P
K1
A2
ðtÞ ¼

X
E2NK1

A2
ðtÞ
PK1
EA2

ðtÞPK1
A1A2

ðtÞ

¼
X

paths from A1 to A�l

PK1
A2
ðtÞ � � � � � PKl�1

Al
ðtÞ ð5Þ

ImK
i ðtÞ ¼ �

X
j2Ni

PrkijðtÞ log10 Pr
k
ijðtÞ ð6Þ

InfoKmi ¼
ImK

i ðtÞP
K

PNK
i

q¼1C
K
iqðtÞ

ð7Þ
to neighbors and meta-path instances.



Table 1
A solved example of proposed method.

– APA APAPA

Nodes of graph based on Fig. 3 P Pr C P Pr C

Author1- Author2 1/3 3 � 1/6 3 1/3 � 1/5 3 � (1/6 � 1/8) 3
Author1- Author3 1/3 2 � 1/6 2 1/3 � 1/5 1/6 � 1/8 1
Author1- Author4 1/3 1/6 1 2 � (1/3 � 1/2) 9 � (1/6 � 1/6)+2 � (1/6 � 1/3) 11
Author1- Author5 – – – 1/3 � 1/5 2 � (1/6 � 1/8) 2
Author1- Author6 – – – 1/3 � 1/5 1/6 � 1/8 1
Author2- Author3 – – – 1/2 � (1/3 + 1/5) 6 � (1/6 � 1/6)+ 3 � (1/6 � 1/8) 9
Author2- Author4 1/2 3 � 1/6 3 1/2 � 1/3 3 � (1/6 � 1/6) 3
Author2- Author5 – – – 1/2 � 1/5 6 � (1/6 � 1/8) 6
Author2- Author6 – – – 1/2 � 1/5 3 � (1/6 � 1/8) 3
Author3- Author4 1/2 1/3 1 1/2 � 1/3 2 � (1/3 � 1/6) 2
Author3- Author5 – – – 1/2 � 1/5 2 � (1/3 � 1/8) 2
Author3-Author6 – – – 1/2 � 1/5 1/3 � 1/8 1
Author4- Author5 1/5 2 � 1/8 2 1/5 � 1/2 3 � (1/8 � 1/4) 3
Author4- Author6 1/5 1/8 1 1/5 � 1/2 6 � (1/8 � 1/5) 6
Author5- Author6 1/2 3 � 1/5 3 1/2 � 1/5 2 � (1/5 � 1/8) 2

Table 2
Informations of DataSets.

Dataset #Nodes #Edges

DBLP 215,222 611,542
ACM 468,114 1,862,602
Yelp 1282 30,838
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InfoMi ¼
X
K

InfokmiðtÞ ð8Þ
2.1.3. Entropy based on the number of meta-path instances
Here, the number of instances between two nodes in each

meta-path plays an important role in determining the entropy.

The interaction entropy for each node i is equal to
CK
ij ðtÞPNi ðtÞ

q¼1
CK
iqðtÞ

divided

by total passing instances through node i in each meta-path, i.e. is
inserted into the entropy Equation. In this stage, the total number
of meta-path instances is included in the Equation without sepa-
rating each meta-path.

PcKA1A2
ðtÞ ¼ CK

A1A2
ðtÞP

E2NK
A1

AC
K
A1E

ðtÞ ð9Þ

IcKi ðtÞ ¼ �
X
j2Ni

PckijðtÞ log10 Pc
k
ijðtÞ ð10Þ

These calculations apply to each meta-path. The Info can be
used for all meta-paths. The main Equation is as follows:

InfoKci ¼
IcKi ðtÞP

K

PNK
i

q¼1C
K
iqðtÞ

ð11Þ

Infoci ¼
X
K

InfokciðtÞ ð12Þ

However, NK
i ðtÞ should be calculated based on the same meta-

path. For example, in meta-path, A1PA2PA3;A1 through one media-
tor node neighbors A3 and in A2PA3; A2 neighbors A3. (see Tables 1
and 2).

2.1.4. Final influence on each node
The influence of each node can be either the sum influence of all

three methods or a coefficient should be assigned to each:

PFiðtÞ ¼ aInfofiðtÞ þ bInfociðtÞ þ cInfomiðtÞ ð13Þ
where aþ bþ c should equal 1.
2.2. Solved sample example

This example is solved based on Fig. 3, we considered all of
nodes in this figure and then calculated probabilities between all
connected nodes due to the certain meta-paths. The calculation
steps for node are as follow:

K ¼ APA :

If APAAuthor1 ¼ �
X
j2Ni

PAPA
Author1;jðtÞ log10 P

APA
Author1;jðtÞ ¼

�
X

j2Author2;Author3;Author4

1
3 log10

1
3 ¼ 0:47

ImAPA
Author1 ¼ �

X
j2Ni

PrAPAAuthor1;jðtÞ log10 Pr
APA
Author1;jðtÞ ¼

3
6 log10

3
6 þ 2

6 log10
2
6 þ 1

6 log10
1
6 ¼ 0:43

IcAPAAuthor1 ¼ �
X
j2Ni

PcAPAAuthor1;jðtÞ log10 Pc
APA
Author1;jðtÞ ¼

3
6 log10

3
6 þ 2

6 log10
2
6 þ 1

6 log10
1
6 ¼ 0:43

j 2 fAuthor2; Author3; Author4; Author5; Author6g
If APAPAAuthor1 ¼ �

X
j

PAPAPA
Author1;jðtÞ log10 P

APAPA
Author1;jðtÞ ¼

PAPAPA
Author1;jðtÞ log10 P

APAPA
Author1;jðtÞ ¼ �

X4
1

1
15 log10

1
15

 !
þ 2

6 log10
2
6

 !
¼ 0:47

ImAPAPA
Author1 ¼ �

X
j

PrAPAPAAuthor1;jðtÞ log10 Pr
APAPA
Author1;jðtÞ ¼

PrAPAPAAuthor1;jðtÞ log10 Pr
APAPA
Author1;jðtÞ ¼

� 3
48 log10

3
48 þ 2 1

48 log10
1
48 þ 11

36 log10
11
36 þ 2

48 log10
2
48

� � ¼ 0:36

IcAPAPAAuthor1 ¼ �
X
j

PrAPAPAAuthor1;jðtÞ log10 Pc
APAPA
Author1;jðtÞ ¼

PcAPAPAAuthor1;jðtÞ log10 Pc
APAPA
Author1;jðtÞ ¼

� 3
18 log10

3
18 þ 2 1

18 log10
1
18 þ 11

18 log10
11
18 þ 2

18 log10
2
18

� � ¼ 0:5
3. Experimental results

3.1. DataSet

We implemented our methods on three datasets to assure that
the results are reliable. These three datasets are usually used in
multi-layer networks (Sun et al., 2011; Gui, Sun, Han, & Brova,
2014).

DBLP: (Citation Network, 2019) Objects act as authors. More-
over, various meta-paths including Author-Paper-Author-Paper-



Fig. 4. Position of the top 50 identified influential nodes in the entropy-based and the degree-based methods.
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Author (APAPA), Author-Paper-Author (APA), Author-Conference-
Author (ACA) and Author-Conference-Author-Conference-Author
(ACACA) were considered. The data is up to 2016.

ACM: (Citation Network, 2019) In this network, various meta-
paths were taken into account namely APA, ACA, APAPA, and
ACACA. The data is up to 2003.

Yelp: (Yelp, 2019) Objects act as users. various meta-paths were
used namely User-Business-User (UBU), User-Business-Service
(UBS), User-Business-Revervation (UBR), and User-Business-
Category (UBC).
3.2. Evaluation criterion

The susceptible-infectious (SI) method was used for evaluation.
The algorithm is described in Algorithm 2.

Furthermore, the diffusion rate was calculated using
infected scale criterion (Zhang, Chen, Dong, & Zhao, 2016) as
f ðtÞ ¼ NiðtÞ

N .
Where N is the total number of nodes in the network and NiðeÞ

is the number of activated nodes in different epochs indicated
by t.



Algorithm 2. SI Model for All Nodes
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3.3. Time complexity

If d is considered as the mean of n-mediator neighbors, v as the
number of graph nodes, e as the number of graph edges, and k as
the number of influential nodes, then the time for formation of
the graph related to the given meta-path is oðvÞ, and the time com-
plexity of pseudo-code (1) is equal to oðveÞ while pseudo-code 1 is
oðeþ vdþ v logðkÞÞ. Therefore, in worst case scenario, the time
complexity of the algorithm equals oðveÞ.
3.4. Analysis of results

The DBLP and ACM both indicated the overlapping of entropy-
based and degree-based methods. In this chart, the first 50 authors
were separated using both methods and displayed in order (Fig. 4).
Fig. 5. Top-10 influential n
Both methods indicated overlaps and discrepancies. The informa-
tion was diffused and measured to show which method outper-
formed the other, as follows:
3.4.1. Information diffusion from a specific node in DBLP data
The information from each node individually to calculate which

node ultimately activated the highest number of nodes. We
adopted the SI model for that purpose. Fig. 5 displays the ten most
influential nodes (in epoch = 100 and 1000).

The proposed method is compared with other methods using
the infected scale Equation. Evidently, for part a, p is considered
p ¼ 0:001, in which p represents the ratio and the number of
spread starters, and different Ps are displayed as epoch ¼ 100 for
part b. Fig. 6 shows that starting from nodes obtained by entropy
odes on DBLP dataset.



Fig. 6. Comparing of proposed method with other methods using infected scale Equation on DBLP dtataset.

Fig. 7. Trend of the proposed Entropy diffusion method in compare to existing methods. We considered different Ps and epochs on DBLP dataset for showing diffusion speed.
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results in faster diffusion and a greater number of active nodes
compared to other methods.

The diffusion was compared to that of five other methods: the
degree-based method, cluster rank, K-shell rank, CELF (Leskovec
et al., 2007) and Greedy method (Abebe, Kleinberg, Parkes, &
Tsourakakis, 2018) using different Ps and taking into account
epochs 5 to 60 (Fig. 7). The proposed method outperformed the
previous alternatives.

3.4.2. Information diffusion from a specific node in ACM data
In ACM data, we similarly adopted SI for information diffusion.

Fig. 8 shows the nodes obtained via the proposed method versus
the degree and greedy based methods. Information was diffused
through each node to find out how many nodes will ultimately
be activated.

As shown in Figs. 6–10 , our method improved slightly at lower
epochs. At higher epochs, however, the difference intensified. The
multi-mediator meta-paths included in this paper covered direct
nodes as well as indirectly influenced nodes which resulted in
the section of nodes with higher direct and indirect influence on
neighbors. In fact, both direct and indirect neighbors were investi-
gated. In the meantime, if a lower degree node is connected to
higher influential nodes, it will be considered more significant.

Fig. 9 shows that starting from nodes obtained by entropy, the
number of active nodes is higher than that of other methods. As
a result, these nodes tend to be more influential. The diffusion
speed is clearly indicated in the figure.

The diffusion speed was examined using different Ps and
employing different methods (Fig. 10).
3.4.3. Information diffusion from a specific node in Yelp data
We initially show the influence of the top 5 influential nodes

with using of the SI model as before to evaluate the influence on
the Entropy-based method (Fig. 11).

To assess the performance of our proposed method (Entropy-
based method) effectively, we compare it with four ranking meth-
ods, including Degree based, Cluster rank, k-shell, CELF, and Greedy



Fig. 9. Comparing the proposed method with other methods using infected scale equation on ACM dataset.

Fig. 10. Trend of the proposed Entropy diffusion method in comparison to other existing methods. We considered different Ps and epochs on ACM dataset for showing
diffusion speed of methods.

Fig. 8. Top-10 influential nodes on ACM dataset.
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Fig. 12. Comparing the proposed method with other methods using infected scale equation on Yelp dataset.

Fig. 13. Trend of the proposed Entropy diffusion method in comparison to other existing methods. We considered different Ps and epochs on Yelp dataset for showing
diffusion speed of methods.

Fig. 11. Top-5 influential nodes on Yelp dataset.
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rank in Fig. 12. In this experiment, the value of p and epoch are
0.003 and 100 respectively.

The infected scale, f ðtÞ, on the Yelp network under different
methods with different infected rates are shown in Fig. 13. As
the size of the initial nodes increases, the final infected scale of
these methods ascends step by step basically. In both three data-
sets, the advantage of Entropy-based method is obvious. Our pro-
posed method emphasizes the role of the meta-path in the
network.
4. Conclusion

In this paper, a new method for locating influential nodes in
heterogeneous networks is proposed based on meta-paths concept.
The impact of individuals was calculated relying on meta-path
instances. These relationships were calculated based on entropy
analysis of direct neighbors, meta-path instances, and the combi-
nation of both. Analysis demonstrated that the proposed method
offers a more effective solution than previously implemented
methods.

On the basis of the real social network datasets, the experimen-
tal results have shown that the Entropy-based network performs
better than Degree-based, Cluster rank, k-shell, CELF, and Greedy
rank methods. The spreading power of our method is the strongest
in the experiment, however, its time complexity is OðveÞ which in
huge networks requires much time. As a future direction of this
research, we aim to use heuristics methods to find the most influ-
ential nodes in the network. In fact, during feature engineering, we
will be utilizing context details such as profile and text. For future
endeavors, it is recommended that the characteristics of each node
in addition to the graph can be used for locating influential nodes.
Also, graph summarization and feature extraction can be combined
with the meta-path concept. Beside them, the meta-paths and
graphs have the potential to investigated by representational
learning. By learning embeddings that encode graph structure,
we can capture structural information about the graph that can
then be used to find influential nodes in the graph.
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