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Research on the Influence Maximization
Problem of Microblog Network Based on
Topological Potential

Qiwen Zhang, Qiaohong Bai, and Jun Li

Abstract—Aiming at the problem of a single influence
measure method in the microblog network, a comprehensive
measurement method integrating microblog content topology
potential and attributes is proposed. In order to better reflect
the dissemination of information in the real network, in order
to improve the convergence accuracy of particle swarm
optimization, a follow-bee strategy is introduced, and an elite
cloning strategy based on Logistic is proposed. At the same time,
the simulated annealing algorithm is introduced to make the
particle swarm algorithm better jump out of the local optimum.
Finally, the improved algorithm is applied to the problem of
maximizing the influence of Weibo network. Compared with
other algorithms, the effectiveness of the integrated
measurement method and the improved algorithm proposed in
this paper is verified.

Index Terms—node topological potential, influence force,
particle swarm, follower bee strategy, simulated annealing

1. INTRODUCTION

In recent years, the era of Web3.0 has not only triggered an
endless stream of new media [1], but also an explosion of
information. For example, reference [2] analyzes the impact
of COVID-19 vaccine on public health through emotion
analysis and prediction based on social media. Alfred et al.
[3] analyzes social media datasets to identify meaningful
personal and social behaviors based on topic modeling by
using the MOGA clustering method. Microblog, as a social
network, has attracted extensive attention from researchers,
especially in the exploration of users' influence [4-6], and
mainly focuses on the study of user attributes and network
structure. For instance, Kwak et al. [7] studied the data in
Twitter and analyzed the influence of users by using
PageRank algorithm of the number of followers and the
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number of retweets of microblog. Chen et al. [8] proposed the
best effort algorithm, which increases the spread of influence
by considering topics, estimates the upper limit of users' topic
perceived influence, and used the upper limit to cut down a
large number of users with low influence. In addition, an
algorithm based on topic samples is proposed, which realizes
the influence propagation of some topic distribution samples,
and uses concrete information to avoid the actual influence of
users with less influence. Experimental results also show that
this method is obviously superior to baseline method. Lin et
al. [9] comprehensively considered the value and topicality of
users' comments, as well as the importance of users in the
social network structure to calculate users' influence. Wang et
al. [10] proposed Twitter user interest detection based on the
LDA topic model, using other behavioral histories of the
target user, such as tweets, retweets, favorites, and profile
information. The topic list extracted by the LDA model is
weighted, and then the topics are sorted according to the
weight. The topic with the highest weight is the topic that the
target user is most interested in. In terms of network structure,
researchers have also applied topological potential theory [11]
to social networks and achieved good results. Zhuang et al.
[12] developed a multidimensional social influence
measurement method based on structural, information-based
and action-based factors to measure users' influence at the
global level.Through sorting out relevant domestic and
foreign literature, it is found that the factors considered by
scholars in the research of influence are not comprehensive,
and there is a lack of research on the combination of
microblog attributes and network structure. Mao et al. [13]
proposed a topological potential scheme for predicting
influence nodes from large-scale online social networks. It
solves the problems of influence attenuation and information
dissemination in social networks, and evaluates the
importance of nodes by calculating individual values of
nodes and surrounding nodes using topological potential
theory. Han et al. [14] proposed a topological potential
method based on social network analysis, which measures the
recommendation degree of recommendation trust nodes by
considering both status and reputation. This method
considers the credibility of each node and the trust measure
between nodes, and can objectively evaluate the
comprehensive ~ recommendation  degree  of  P2P
recommendation trust nodes. In addition, there are many
research algorithms [15-17] for the problem of maximization
of influence in social networks, among which heuristic
algorithm has been widely studied because of its fast running
speed and its ability to obtain certain precision solutions.
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Huang et al. [18], for example, proposed a community-based
heuristic algorithm to mine influential nodes. The algorithm
adopted a dial-and-conquer strategy to select influential
nodes, taking into account topic perception and community
correlation, so as to improve quality and efficiency. Jain et al.
[19] proposed a new whale optimization algorithm based on
social networks, which measures the influence of users and
search for the top N opinion leaders. Aiming at the research
in the application field of influence maximization,
Ngamsa-Ard et al. [20] proposed a recommendation system
based on location-based social network (LBSN) combined
with points of interest (POI). The system is designed to
improve the accuracy of POI recommender systems,
supporting individual and group recommendations,
considering friendships among users and their impact on
LBSN and its POI ratings. Semangern et al. [21] proposes
identifying bullying risk from social network messages, a
method and accompanying tools that can help monitor the
potential risk of cyberbullying to an individual, so that
appropriate care can be sent in a timely manner. Since
Particle Swarm Optimization has few requirements for
optimization problems, as long as the quality of the solution
can be evaluated, it can be used to solve, such as literature [22,
23]. Over the past 20 years, PSO has attracted a lot of
attention in academia, and its effectiveness has been proven
in the face of complex optimization problems. In recent years,
the application of PSO algorithm to solve this problem in
social networks has also achieved certain research results
[24-28]. With the rise of weibo network, the literature [29]
also proposed a method of maximizing the influence of
microblogging based on PSO.

In this paper, a Simulated Annealing Discrete Particle
Swarm Optimization algorithm (SA-DPSO) based on
Simulated Annealing is proposed, which solves the problem
that the influence maximization method is single and the
node's own attributes are not considered. SA-DPSO is
applied in the influence maximization of microblog network,
which proves the effectiveness of this measurement method.
The technical achievements of this paper are summarized as
follows.

(1) By introducing topological potential theory and
combining with the attribute characteristics of microblog
network, a comprehensive microblog network influence
measurement method is proposed, which solves the problem
that influence measurement method is not comprehensive.

(2)In order to improve the problem of insufficient
convergence accuracy of the PSO algorithm, the algorithm
also introduces the follow-bee strategy, and proposes a
Logistic chaotic sequence for elite cloning operations. In
addition, the SA algorithm is also introduced to accept
inferior solutions, so that PSO can better jump out of the local
optimum.

The rest of this article is arranged as follows. Section 2
describes the calculation of propagation probability and the
measurement factors of user influence. Then the details of the
improved algorithm are shown in Section 3. Finally, the
experimental results and conclusions are given in section 4
and 5 respectively.

II. RELATED WORK

A. Calculation method of propagation probability based
on attributes of microblog

An independent cascading propagation model is adopted.

In this model, any edge ( , ) has a propagation probability
. The calculation formula is: = , where,
represents the basic propagation probability of the entire
network, which is related to the information itself and other

factors. If the relationship between users and s closer,

is more likely to be influenced by . The effect of weight

is defined by content similarity and behavior similarity:
=( + )/2.

(1) Content Similarity: Weng et al. [30] pointed out, there
was a certain connection between the concern relationship
between weibo users and their topic similarity, that is, people
with similar hobbies were more likely to influence each other.
We express the keywords appearing in the microblog content
ofusers and asvectors ( )and ( ), respectively, and
the cosine similarity between the two vectors is used to
represent the content similarity. The calculation formula as
follows.

_1On Ol
FON Ol

(2) Behavioral Similarity: Akshay et al. [31] found that ifa
user is interested in the information posted or forwarded by
his follower , may interact with follower by forwarding,
replying, @, etc. In addition, if user is more interested in
users , he is more likely to accept the  suggestions. The
calculation is as follows.

M
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Where, represents the set of users followed by , and

(, ) represents the behavior of on , such as

comments,@, or retweets.

B.  User Influence measurement factors in Microblog
network

The influence of users in microblog network is related to
many factors, such as the number of fans, activity, recent
microblog quality, topics, following and being followed,
forwarding and being forwarded, posting and being posted,
commenting and being commented, mentioning and being
mentioned, @ and by @, the closeness of connections
between people in the network, the network distance between
users, the effects of temporary events, the characteristics of
the network and the individual itself, etc. At present, whether
the method of measuring user influence is based on
microblog attributes or on the improvement of PageRank
algorithm, it only analyzes the different topological features
of the microblog network or the interaction between nodes,
and most of them directly use the network attributes of
microblog network as the basis for analysis. In addition, some
studies measure user influence only in terms of retweets,
comments, mentions, etc. These measures take into account
user interactions, however, only the aggregate result of
interaction behavior on a single target is used, without
considering the strength and interaction of user interaction
behavior.
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III. USER INFLUENCE STRENGTH BASED ON TOPOLOGICAL
POTENTIAL

A. Topological potential theory

The topological potential theory [32] was first proposed in
physics, and has been applied to social networks in recent
years to measure the importance of nodes, and achieved
certain results. In the real microblog network, the interaction
between nodes has local characteristics, and the influence of
nodes decreases rapidly with the increase of distance, which
is consistent with the characteristics of short-range field.
Therefore, a gaussian function with short-range field
characteristics and good mathematical properties is used to
describe the interaction between nodes, and the
corresponding field is the topological potential field. The
concept of topological potential field was proposed under the
influence of physical potential field, and was first applied to
the research and application of complex network by
academician Li [33], and analyzed the local characteristics of
topological potential field: it is considered that the interaction
between nodes is more obvious, which is in line with the
close relationship within the community structure, so it has a
large influence; on the contrary, in the low-potential area of
the topological potential field, the nodes have little
interaction, and there is almost no connection between the
nodes, which is in line with the sparse connection between
the nodes in the complex network, that is, the influence is
small. In addition, Li et al. [34] proposed a new
metric-topological potential distance (TPD) to mine the
topological structure of the network, the attributes of nodes
and the interaction between nodes for the node importance
analysis and user role identification of directed social
networks. The key nodes in the network, the experimental
results show that the method can effectively identify the key
nodes in the directed social network.

The microblogging network G can be regarded as a
physical system containing N nodes and their interactions.
There is an action field around each node, and any node in the
action field will jointly acted by other nodes. The nodes in the
microblogging network are not only affected by themselves,
but also by the neighboring nodes in the network structure.
Such joint influence generates the node potential, which is
described by the topological potential of the node. All nodes
of the microblog network are traversed to form ‘peak’,
‘valley’ and ‘slope’ nodes. ‘Peak’ refers to a node that has a
greater influence on the connected nodes, ‘valley’ refers to
the internal node with less influence, and ‘slope’ refers to a
node at the relatively edge position, which will be related to
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Fig. I Topological Potential Structure of Karate Network Nodes

the nodes of ‘peak’ and ‘valley’. Generate more interactions
and connections, which are equivalent to the center of
connection with the outside world. Fig. 1 shows the
distribution of node potentials of a small karate club. It can be
seen that this natural peak-valley structure can well reveal the
hierarchy of complex network communities and the degree of
node influence. In addition, the potential distribution of
nodes reveals the structural characteristics of nodes in
topological space.

Definition 1: Node topological potential. For a given
microblogging network = ( , , ), where represents
the set of nodes, represents the set of edges between nodes,
and  is the weight coefficient. According to the potential
function definition of the data field, the topological potential
of any node can be expressed as:

A 3

Where, the influence factor is used to control the
influence range of each node, (0, + 00). It is found that
the topological potential of a node is mainly determined by its
second-degree neighbors, so = 2. = 0 is represents the
quality of a node  and describes the inherent properties of
the node.  is represents network distance between nodes
and . For agiven value, according to the mathematical
properties of the gauss function, the influence range of the
node is approximately [3 /v2] a jump local area, and the
topological potential of the node is calculating as follow:

(== 0 0O)

Where, () represents the number of  hop-neighbor

nodes of the node . The normalized topological potential
formula is obtained as:

: 07 “)

1 2
(H)== [ (5)
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B. Comprehensive impact measurement

Existing studies show that most of the definitions of
influence use the social network attributes of nodes, and
ignore the attributes of nodes themselves in the network
structure, such as the topological potential of nodes. In the
calculation process, topological potential not only measures
the distance between nodes, but also describes the closeness
of the connections between nodes' neighbors and their
neighbors or neighbors with more hops. If all nodes are sorted
according to the size of the topology potential value, and the
sorting result is used as the evaluation standard for the
importance of nodes, it may not reflect the importance of the
content. Therefore, according to the previous summary and a
large number of studies, user influence cannot be measured
solely by a single structural feature. In addition to topological
potential, we also consider the number of fans, user activity
and recent microblog quality.

Definition 2: Number of followers . In the microblogging
network, there is a positive correlation between the number
of followers and the popularity of users. The more famous a
user is, the more followers he will have, just like the number
of nodes in ordinary social networks, the greater the degree,
the greater the influence of the nodes.
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Definition 3: User activity . User activity is expressed
in terms of the number of microblogs posted, reposted, and
commented made by a user within a certain period of time,

expressed as ().
(o O+ O+ O
Where, ()~ () and () are the

number of microblogs posted by users, the number of reposts,
and the number of comments in the time period ,
respectively, and is the length of the time period. The
increase in user activity has a positive effect on increasing
their influence. Through data analysis, it is found that there
are a large number of inactive users in microblog, and these
users post very few or even no microblog every day. At the
same time, the network also has extremely active users, who
post or retweet a large number of microblogs every day. Such
users are generally advertising users. In order to eliminate the
negative impact of the two types of users, only nodes that
meet the activity threshold are reserved on the network.
Definition 4: Quality of recent tweets . An influential
microblog will resonate with everyone, which will lead to a
lot of forwarding, comments, likes, etc. A user who has little
influence, by sending multiple tweets that people follow,
becomes influential. Conversely, a user who has influence, if
they haven’t posted a popular tweet in a while, they’re going
to become less and less influential. Therefore, can be
used as a factor to measure user influence, which is defined as
follows.
)+ (O)+

( o( )

()= Q)

Where, () () and ( ) are the average
number of reposts, likes, and comments on the Microblog
posted by user , respectively. is the total number of
microblog posted recently.

Therefore, combined with analytic hierarchy process, the
number of followers, activeness, recent microblog quality
and topological potential are comprehensively considered,
and the comprehensive influence measurement index is
proposed as follows:

(=1 0O+ )+ 3 ()

+ 4 () ®)

Where, (). (). (). () are represent the
number of followers, activity, the recent microblog quality
and node topological potential respectively.  is the analytic
hierarchy process coefficient.

C. SA-DPSO Algorithm

(1)Follow-Bee Strategy

In the artificial bee colony algorithm, the following bees
search for new food sources near the food source, according
to the information transmitted by the leading bees. When a
good food source is found, the corresponding leading bees
are notified to update their food sources. The following bees
can improve the accuracy of the solution. Based on the
follow-bee theory, this paper proposes an elite cloning
operation.

The number of clones

9).

is calculated from the following

= (

=1

/+) )

Where, the number of randomly selected elite particles,

[0,1], in order to avoid the number of clones less than 0,

so the addition , is an integer greater than or equal to 1,
is the integer function.

Survivability . The survivability  of a particle is the
weight of the distance between any particle and the optimal
particle and the particle density . Where, is the ratio of the
number of particles within the radius range of the particle

to the total number of particles, that is, = / ,so s
calculated as follows.

=rl I/ )Y+ 2 (/) (10)

Where, r1,r2 [01], =] - | , in the

formula, , arebetweenOand 1.1/  the larger, that

is, the closer the particle to the optimal value, the higher the
particle fitness;  the larger, that is, the higher the number of
particles clustered around the particle, the higher the density,
continuing the search will result in local optima, so explore
other areas. For the survivability  of the particle, the larger
of , the more adaptive it is, and vice versa, so the
survivability of the cloning operation determines the number
of clones.

The cloning method is as follows: select a few elite
particles at random, and conduct random and regular cloning
with Logistic sequence, such as follow.

= +( - )M (1)

Where, is the most influential particle in the area of
elite particle density and is the smallest particle in the
area of elite particle density. is a constant, depending on the
specific problem. ., is a chaotic sequential Logistic, where

+1 the map of Logistics is a chaotic sequence is as follows .

1= a1- ) =0,1,2, .,0 (12)
< o<1

Where, =0,12,..,0< g<1, is the state control
parameters of the system, it has been proved that when =4,
the initial value o (0.25,050.751) , the system
represented by the above formula is completely in a chaotic
state, 4, traversing the (0,1) range.

Selection strategy: after the above operations on the
particles in the population, the number of particles in the
population has already exceeded the set value, so it is
necessary to further select the particles in the population. The
selection process of particles is as follows. After sorting the
influence values of all particles, randomly select N particles
from the top 50% of the particles as the initial population of
the next algorithm, which effectively ensures that the selected
individuals have advantages, but will not fall into local
optimization because of being too good.

(2)Analysis of simulated annealing algorithm

The SA algorithm adopts Metropolis criterion as the
probability of accepting a new solutions, as shown in (13).
The Metropolis criterion accepts the optimal solution while
accepting a deterioration value with a certain probability. In
this process, the temperature is relatively high at the
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beginning, and the probability of accepting inferior solutions
is relatively high, so that the particles have a high probability
to conduct global search. With the gradual decrease of
temperature and energy, the probability of accepting inferior
solutions becomes smaller, however, the particles still have
the chance to jump out of the local optimal solution, and
finally converge to the global optimal solution.

Ex A

v

25
Fig. 2 Simulated Annealing Energy Diagram

L OO
B exp<L()>, ()= ()

Where, ( ) and ( ) are the energy of the solid in
different states, and  is boltzmann's constant.

In Fig. 2, the abscissa represents the solution obtained by
the algorithm in the solution space, and the ordinate
represents the energy  of the solution in the solution space.
According to the figure, the search starts from , and the
energy corresponding to the function value decrease, the
search process will continue. When point  is reached, only
the local optimal solution is found. Since the simulated
annealing algorithm is a random algorithm, it can accept a
solution that is worse than the current solution with a certain
probability. It will continue to search in the solution space
randomly, continue to move to the right, and reach the peak
point between  and , so that jumped out of the local
extreme value, and gradually converged to the global optimal
solution as the temperature dropped.

(3) Particle update method

In order to overcome the shortcoming of PSO, SA
algorithm can be added to PSO to search better solution
globally. The initial solution is generated randomly and the
range of influence is calculated. When a new solution is
generated, a node in is first selected, and then a node is
selected from the candidate seed set for replacement to form a
new solution . Calculate the difference AT between the
influence range of the new solution and the original
solution .IfA >0, accept " as the new current solution,
otherwise accept  as the new current solution with a certain
probability. After the annealing process, the one with the
largest influence range from the ‘optimal solution’ of PSO
and the ‘optimal solution’ of simulated annealing process is
selected, and use them to replace part of the solution set of
PSO to enter the next round of simulated annealing process.

The study found that the number of microblog users’ fans,
followers and followers of each other are the best indicators
of the users’ status [35]. Aiming at the characteristics of the

(13)

microblog field, the standard PSO is improved to redefine the
particle state update equation (14) (15):

(+D= O+ 114 = )
+22( - ()) (14)
(+1H= )+ () (15)

Where, a disturbance ; is added to the ‘self-cognition’
learning of particles, and ; is defined as follow:

=1 ()+1 1
Where, is represents the number of fans of user ,  is

represents of the number of followers of user
The initial temperature and annealing temperature formula
of SA algorithm are respectively:

( )/In5 (17)

In this equation, is the weight of the annealing constant.
In addition, the internal energy of each particle (that is, the
influence of the particle) needs to be determined. The
probability of each influence value can be obtained by
using the following formula:

#1= > 0=

O

- (- () (18)

(4) Algorithm flowchart
Fig. 3 is the overall flow chart of the algorithm.

Input G(V,E),K,gmax
and other parameterrs

I

Initialization V,X,pbest

I—J

Calculate the topological
potential of each node

According to influence(v)
update gbest

Follow the bee strategy elite
clone

SA Metropolis strategy

—

Update V,X,pbest,ghest

g>gmax
Y

Qutput seed set S

Fig. 3 Algorithm Flow Chart
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(5) SA-DPSO Framework
The algorithm framework of SA-DPSO in microblog
network influence maximization.

Algorithm SA-DPSO for Influence Maximization

1. Input: Graph =( , ), the number of iterations , the size of
particle swarm
final temperature
cycles , the size of the seed set .

2. Output: Output the as the seed set .

3. Stepl: Initialization:

, the inertia weight , the learn factors 1, 5,
» temperature difference A , number of internal

a) Initialize iterator =0, = g, =0;

b) Initialize position vector:  «Initialization ¢ , , ) ;
c) Initialize velocity vector:  «0;

d) Initialize vector: < Initialization ¢ , , ) ;

4. Step2: Select out the initial global best position vector
to the () value of each
5. Step3: Begin cycling
a) Update the velocity vector according (14) ;
b) Update the position vector —according (15) ;
6. Step4: Use (17) to determine the initial temperature; determine the
probability value of the fitness value of each particle at the current
temperature according to formula(18), and compare it with a random
probability to obtain the corresponding position as the global optimal
position;
7. While < do
a) {calculate the range of influence of the set
b) generate a new seed set
¢) count+=1
Ao =
e) if A >0 then

according

O- )
f) else generate random numbers
ifexp (A—) > then

g) if > then
= —A ,count=0}
h) return .
8. StepS5: Update , and perform de-temperature operation;
a) Compare and update the
- max( ) D):

b) Update the of the current generation;
9. Step6: Stop criteria: if = , stop the algorithm, otherwise, let
~ +1 and go to Step 3;

Under the framework of this algorithm, the particle swarm
algorithm mainly performs global search through iterative
formula (14) and formula (15).And by introducing simulated
annealing operation to optimize the optimal solution, because
simulated annealing operation accepts the characteristic of
inferior solution can optimize the local optimal space
solution.

(6) Algorithm complexity analysis

The degree-based initialization method in step 1 requires a

( - ) basic operation. The overhead of calculating the
topological potential in step 2 is  ( 2). Step 3(a) requires an

(- - ) action, and step 3(b) requires an ( - )
action. Step 4 needs ( 2 ) action, which is to
calculate (), is the average degree of the
network,  is the number of edges. Step 5(a) requiresa (1)
basic operation, and step 5(b) requires an ( - ) operation.
Therefore, the worst-case time complexity is  (

Y+3 (- )+ (dH+ ( 2 )+ (1).In addition,
it takes a unit to set the operating time of the other steps,
according to the  rules, in the worst case, SA-DPSO has a
time complexity of ( 2 ?- S 2. ).

IV. EXPERIMENTAL RESULTS AND ANALYSIS

A. Experimental environment and data collection and
processing

All the code is written in python and the running computer
is configured with Intel (R) Core (TM) i5-4590 CPU 3.30
GHZ, 8 GB of memory. The data in this study are all sourced
from Sina Microblog. This data set is a Sina Microblog data
set of 63,641 users, with 13,91718 user friend relationships.
Due to the limitation of Sina Microblog, each user can only
obtain the information of 200 followers at most, therefore, the
friend relationship is not very complete. Data format: user uid,
user nickname, user name, user location, user homepage url,
user gender, user fans, user followers, user microblogs, user
favorites, user creation time. For data processing, media
microblogs with a large number of fans, a large number of
microblogs, and frequent updates were selected. Finally, 200
micro-blog nodes and 10,781 sides were selected for
research.

B. Analysis of Microblog Network Characteristics

Ucinet, a social network analysis tool, is used to analyze
the network structure of the microblog users, including
centrality and condensed subgroups. The study uses a
directed network structure diagram to construct a binary
directed network through the following relationship between
microblog nodes. In the ‘following relationship matrix’ of the
microblog social network, node A cares about node B,
therefore, the connection between A and B is 1, that is, there
is A directed line segment from A to B, otherwise, it is 0.
However, in the microblog social network, the direction of
information dissemination is opposite to the direction of
‘attention’[35], when A follows B, the information posted by
B will be displayed on A’s homepage, that is, the information
spreads from B to A. After data screening and processing, a
200%200 attention relationship matrix is finally sorted out,
and a microblog network relationship diagram is generated.
Since the drawn network attention map is too large, the
attention relationship between lines cannot be seen in the
figure, and will not be shown here.

Cohesive subgroup analysis: Cohesive subgroup is a
subset of actors with strong, direct, close, frequent or positive
relationships. Table I shows the condensed subgroups of the
microblog network. From Table I, it can be concluded that
the cohesive subgroup of the microblog network is divided
into 8 subgroups. Among the 8 subgroups, 3 groups have
large scale. Considering the number of fans and the number
of followers, users with similar number of followers and
followers are more likely to form subgroups. In addition,
small groups are connected through a core user, however, no
further connections are made, eventually forming the entire
network. The combination of strong core users helps to cover
more users and build a huge information transmission system.
Meanwhile, the combination of core users in the network will
make influential information spread more quickly. In
addition, the densities of the eight subgroups are calculated as
shown in the following matrix.

As can be seen from A matrix as Fig. 4, the density of
subgroup 1 is 0.716, indicating that users in subgroup 1
communicate frequently and are closely connected with each
other. The density of subgroup 5 is 0.048, indicating that the
user communication of subgroup 5 is less and the relationship
is loose. The density of subgroup 3 is 0, indicating that the
users in the subgroup are not communicating.
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TABLE I
CONDENSING SUBGROUP

subgroup Nodes

1 1,2,3,29,5,131,7,8,34,10,61,37,163,14,15,66,17,143,19,70,
21,47,23,24,25,51,27,78,179,30,55,32,169,46,171,42,167,
50,200,65,41,178,119,194,103,180
26,6,144,16,44,40
4,190,188
104,60,72
152,12,9,33,99,145,126,38,111,162,57,58,68,86,123,74,87
,75,77,148,18,142,93,20,134,135,94,161,174,112,151,22,9
1,129,155,43,83,71,153,122,117,130,100,102,165,166,141
,67,140,108,127,90
6 95,113,92,150,109,98,114,116,31,59,121,53,11,94,48,197,

79
7 189,139,13,149,157,185,110,164,136,137,120,88,184,176,
182,181,168,133,96,160,173,199,138,125,177,56,156,118,
80,195,183,159,172,186,187,193,175,28,54,105,192,196,1
70,146,128,198,115,69,154,191
8 124,52,39,132,101,158,107,64,36,62,76,89,35,85,106,81,8
2,45,84,147,73,49,63
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0.413
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0.490
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0.406
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0.377

0.225
0.222
0.111
0.333
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0.412
0.367
0.290

0.054
0.032
0.045
0.058
0.048
0.364
0.036
0.034

0.045
0.029
0.039
0.039
0.045
0.382
0.027
0.059

0.150
0.150
0.147
0.093
0.140
0.381
0.108
0.111

0.147
0.130
0.188
0.159
0.186
0.448
0.119
0.202

Fig. 4 A Matrix

C. Comparison of influence ranking methods

In order to verify the validity of the measurement method
in this paper, the following three commonly used influence
measurement methods are used for comparison.

(1) UPR [36]: UPR is a measure of influence with only
microblog attributes, that is, it only considers three factors:
number of followers, activity, and quality of recent

microblogs.

(2) PageRank (PR): The PageRank algorithm is a classic
network algorithm, and the ranking of user influence in
Weibo is carried out through this algorithm.

(3) Fans count: The FansC algorithm uses the fan count of
the users in the micro bar to sort the impact. Twitter already
uses this method, and it has been used as a comparison
algorithm for many references in the literature.

In the comparison algorithm, the method in 3.2 is used,
where the topological potential calculation formula for the
node is (4), when = 2, the topological potential of the node
is calculated as the number of nodes within the 6/v2 hop
range of the node , that is, the number of neighbor nodes set
to 5 hops in the text. Table 1 shows the Top-20 users obtained
on the basis of the three influence calculation algorithms of
this paper, the number of fans and PageRank.

It can be seen from Table II, in the first 20 nodes, the
method has 15 identical nodes with UPR, and the identical
rate is 75%, indicating that the method has a high similarity
with UPR, therefore, the method is reasonable. There are 9
identical nodes with the PR method, with an identical rate of
45%. For the 11 different nodes, the PR algorithm only
considers the attributes of the node itself and does not
consider the influence of other attributes on the node. There
are 4 identical nodes with FansC method, and the same rate
is only 20%. For 16 different nodes, FansC only considers the
influence of the number of fans on nodes, which is too simple.
Based on the above analysis, the difference between the
proposed method and the UPR method is reflected in the
consideration of topological potential value of nodes, which
can become an indicator to measure the importance of nodes.
In addition, the number of fans, microblog, forwarding and
attention of nodes with differences is lower than that of other
nodes on the whole. And node 3 with the largest number of
likes ranks higher, reflecting the influence degree of likes on
influence. To sum up, our algorithm not only considers the
node's own attributes such as topological potential, but also
the node's social attributes such as the number of fans, tweets,
forwarding, comments, likes and followers, so the results are
superior to PageRank and FansC methods.

TABLE IT
ToP 20 USERS OF THE FOUR SORTING METHODS
rank
Nodes
ARTICLE UPR PR FansC Fans Microblog Forwarding Comments Likes Follows

46 1 5 1 - 182728 15661 829 57 1380 2500
193 2 17 - - 193 1380 1079 167 1061 129

8 3 15 - - 399 3005 848 205 1542 649
56 4 3 - 4 781620 3502 1056 138 1060 198
19 5 20 - - 31 233 1140 93 1288 171
78 6 7 6 - 9860 1409 207 13 82 1893
182 7 - - - 468 7990 165 84 207 363
169 8 2 17 2 900695 1464 1046 91 1070 1705
174 9 - - - 15 322 1566 660 1561 11

3 10 5 18 - 158394 30643 1195 20009 10095 989
50 11 19 11 - 161 297 701 46 1405 944
103 12 - - - 1512 4039 1054 115 1092 1388
163 13 - 10 - 3877 46633 1569 238 1668 1719
34 14 14 14 - 425 1801 300 9 63 381
24 15 4 - - 570537 7327 335 19 1087 2722
200 16 6 16 17 16301 1829 113 23 88 1201
153 17 - - - 86 189 2625 704 1137 117
158 18 11 - - 85475 9008 499 185 491 529
186 19 1 - 1 28186106 59323 524 92 1062 133
30 20 10 19 - 556 9747 950 94 1305 1177
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D. Comparison of influence spread range

(1) Algorithm comparison

The experiment uses five existing algorithms as
comparison tests, including the web based heuristic on
network characteristics DPSO [24] and PageRank [37],
CELF [38] greedy algorithm and SA based on objective
function optimization [39], in addition, there is a hybrid
heuristic and greedy algorithm based on the impact of
topological potential maximization algorithm (TSH)[40].
Experimental parameter setting, PageRank jump factore =
0.15, in the SA algorithm o = 200,000, = 10,000,
A =2,000, =200 . SA-DPSO population size and
iteration times are 100 times, learning factor | = , =2,
inertia weight = 0.8, other parameters are the same as in
SA. The experiments all adopt IC model.

(2) Analysis of the scope of influence

The influence range of seed set is shown in Fig. 5, where
abscissa is the number of seed set, and ordinate is the spread
influence range.

Fig.5 shows the results of the experiment, where (b) and (d)
are the magnifications of the parts in (a) and (c), respectively.
In Fig. 5, SA-DPSO is compared with the five influence
maximization algorithms respectively. It can be seen that
SA-DPSO is superior to SA, DPSO, TSH and PageRank
algorithms except CELF. DPSO algorithm is not as effective
as SA-DPSO algorithm, because DPSO is more likely to fall

weibo-network-p=0.01
3000] o CELF
T 2500 B SA-DPSO
o & SA
22000{ * DPSO
g + TSH
2 1500
S
&= 1000
£
500
10 20 30 40 50
k
(a)
weibo-network-p=0.05
30004 © CELF
- % SA-DPSO
g 2500 A
& 20004
[}
£ 1500
S
& 1000
£
500
I 1 1 1 I
10 20 30 40 50
k
(c)

into local optimization than SA-DPSO algorithm, resulting in
premature convergence of the algorithm. In addition, the
experimental results show that TSH algorithm is superior to
SA, DPSO and PageRank algorithm, because TSH algorithm
not only uses topological potential to heuristically select
nodes with high weight as the seed set, but also uses CELF
algorithm to determine the optimal subset. The PageRank
algorithm in the figure has the worst performance and
stability. When k<10, the influence performance of all
algorithms is approximately the same. When k >10, even
under different propagation probabilities, CELF, SA-DPSO
and TSH algorithms show efficient performance. Especially
in Fig 5 (c), it can be found that the solving performance of
SA-DPSO and TSH algorithms are comparable to that of
CELF algorithm. When k=30, p=0.01, SA-DPSO algorithm
is better than SA, DPSO, TSH and PageRank algorithm by
39.72%, 18.04%, 8.67% and 45.56% respectively. When
k=30, p=0.05, SA-DPSO algorithm is better than SA, DPSO,
TSH and PageRank algorithm by 34.52%,18.01%,5.98% and
63.94% respectively.

Description:

The Fig.5 of (a) and (c) are very similar, because only the
propagation probability of the algorithm parameters in the
two figures is different, (a) is 0.01, and (c) is 0.05. The
difference between the two figures lies in the size of the
influence propagation range:

In figure (a), when the propagation probability is small and
k=50, the maximum influence range of SA-DPSO is up to
2500; In (c), when the transmission probability is large and

enlarge

—

(b)

enlarge

—

(d)

Fig. 5 Range of Influence
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k=50, the influence range of SA-DPSO can reach nearly
3000.

In addition, in figure (b) and (d), the difference of figure (a)
and (c) in the influence propagation range of the six
algorithms in the node set 40-50 is amplified. From these two
figures, it can be seen that the influence propagation range of
each algorithm is larger, but the SA-DPSO algorithm can also
catch up with the influence propagation range of CELF
algorithm. And compared with figure (b), the SA-DPSO
algorithm in figure (d) has better solving ability than TSH
algorithm. According to the analysis of figures (b) and (d),
the differences between algorithms are more obvious due to
the improvement of propagation probability.

V. SUMMARY

Influence measurement is still an issue worth discussing in
social network analysis, and it is necessary to further study its
influencing factors. Based on the theory of topological
potential in physics, this paper integrates the method of
topological potential and the attributes of the microblog
network in the social network influence measurement method,
so as to achieve the purpose of spreading the influence of
microblog users in a wider range. In order to verify the
effectiveness of the measurement method, PSO is used in this
paper, and SA is introduced to solve the problem that PSO is
easy to fall into local optimal. A real microblog network is
used to test the effectiveness of the proposed algorithm. In
addition, the experimental results verify the optimization
ability of the SA-DPSO algorithm through comparison with
other algorithms. The influence of SA-DPSO is similar to
that of the CELF algorithm, but the running time of
SA-DPSO algorithm is faster than CELF algorithm. In this
study, the factors we considered for the measurement of
influence are not very comprehensive. For example, we only
investigated the characteristics of static Weibo network users,
but did not consider the influence of time changes, so the next
step can be to study the impact of time-dependent trends on
the Changes in influence.
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