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article society, such as the synchronization of the propaganda for “black Friday Therefore,

research on cluster synchronism has great values for theoretical study and social appli-
cations. Currently, the study of cluster synchronicity is focused on the solution of the
synchronization threshold and the analysis of the synchronization phenomenon, etc.
However, the optimization to enhance the synchronous evolutionary effect is rarely
presented in literatures. To overcome these limitations of current work, we explore the
optimization of network structure with artificial immune algorithms under the con-
dition of a constant network scale and finally realize the promotion of synchronous
evolution effect in this paper. Moreover, the relevant research results are applied to
real cases. On one hand, for the positive synchronous behaviors, the network structure
with good synchronization capability is created to achieve better synchronization. On
the other hand, the connection between nodes and edges in the network is cut off to
avoid the occurrence of negative synchronous behaviors.
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Introduction

In recent years, social cluster events (mass events) take place frequently. The contradic-
tions between social groups are gradually exposed, and their conflicts of interests and
games are increasingly apparent. It comes with the fact that cluster behaviors are spe-
cifically manifested as cluster emergencies. According to statistics in the “Social Blue
Book” in China over the past 10 years, mass incidents have occurred frequently. From
1993 to 2006, mass incidents were boosted from 8709 to 90,000, and even increased to
more than 100,000 per year after 2010. When facing those events, people normally make
decisions by their own opinions and the choices of surrounding people regarding their
attitudes and behaviors. At the same time, with the influence of herd behavior, the indi-
vidual decisions make these group events synchronized. For example, “candle-snatching
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event” and “cadmium rice event” taking place in China are both typical synchronization
phenomena induced by social rumors and cluster behaviors [1]. In addition, the social
complex network [2, 3] has become an important carrier for synchronization behavior,
meaning the event information is broadcasted over interpersonal social networks dur-
ing the whole process of inoculation, production and development into diffusion and
extinction. Therefore, research on cluster synchronization based on complex networks
is really valued for theoretical study and social applications. It not only provides scien-
tific prediction for mass incidents, but also offers reasonable intervention measures and
strategies after the occurrence of mass incidents.

Currently, research on synchronization behavior is mainly focused on building its
model to explore its evolution process. For instance, Pluchino et al. [4] studied how opin-
ions evolved in time according to the frequency rates of the nodes, the coupling term,
and the presence of group structures. Shen et al. [5] introduced a general framework of
public opinion simulation based on the Multilayer Synchronous Network. Additionally,
some potential improvements to the framework were discussed in the work. Further,
Pluchino et al. [6] presented a brief review of the Hegselmann and Krause (HK) com-
promised model in two dimensions. Then, they discussed the Opinion Changing Rate
(OCR) model, which allowed scholars to study the conditions for a group of agents with
a different natural tendency (rate) to change their opinions and then find their agree-
ment. However, the final trend of the evolution results is unable to be predicted. In addi-
tion, many related simulation results are not desirable. Moreover, studies that intervene
in the evolution process by optimization are rarely performed. Actually, the approaches
to control the evolutionary direction and targets by optimization technology will abso-
lutely make the evolution outcomes be controlled and intervened, thus many unreason-
able or non-optimal results are eliminated.

This paper introduces an artificial immune optimization algorithm to intervene in
the evolution results, and then improves the evolution effect by optimizing the net-
work structure. Through continuous optimizing network structure, evolution results are
developed towards the optimal direction, and finally the one with relatively optimal syn-
chronization performance are obtained.

The paper is organized as follows: “Related works” section is literature review.
“Research framework” section elaborates the research framework of this paper. “Analysis
of cluster behavior synchronization evolution” section is focused on nodes’ synchronous
evolution process and results in small world networks. “Optimization of synchronous
evolution process based on artificial immune algorithm” section introduces the artifi-
cial immune algorithm to optimize the evolution results obtained in “Analysis of cluster
behavior synchronization evolution” section. “Case study” section verifies and analyzes
the method proposed in this paper. Finally, the paper is concluded and the future work is
presented in “Conclusion” section.

Related works
This section mainly depicts the current research in terms of complex networks, synchro-
nization model and intelligent optimization algorithms. It also illustrates the limitations

of existing work and the innovation of this paper.
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First of all, in the study of cluster synchronization of mass events, social complex net-
work [2, 3] becomes an important carrier which has significant impact to the synchro-
nization effect and it develops extremely rapidly as a separate research area. Scholars
found that a lot of complicated social networks are neither networks with specific rules,
nor random networks, but the different networks with both statistical characteristics [7].
These networks are defined as complex gridded networks, in which small world effects
[8] and unscaled-free properties [9] are most important. For example, in 1998, Watts
and Storgatz [10] proposed a small world model (WS) based on the human social net-
work, which could be transformed from a regular network to a random network by
adjusting a parameter. In 1999, Barabasi and Alber [11] proposed a scale-free network
model (BA). In 2018, considering the heterogeneity among communities, Li et al. [12].
constructed a new community network model in which the communities showed sig-
nificant differences in average degree. Based on this heterogeneous community network,
they proposed a novel mathematical epidemic model for each community and studied
the epidemic dynamics in this network model. Nowadays, research on social network
has become a hot topic. However, how to use the model to solve the problems existing
in social relations, such as diffusion, synchronization and polarization of social groups,
are still issues that need to be studied. In order to solve the synchronization problem in
reality, this paper studies how the network structure is advantageous to synchronization.

Secondly, research on the synchronization behavior of mass events in social networks
mainly applies Kuramoto model [13] to get threshold value of trigger synchroniza-
tion through observing its different evolution results under different network struc-
tures. For instance, Pluchino et al. [14] used the Kuramoto coupling model metaphor to
social system cluster behavior. From the perspective of social physics, they established
the dynamic evolution model and emergent computing model based on Kuramoto
one. Hong et al. [15] studied the influence of network structure parameters such as the
degree distribution, average length of path, heterogeneity, and centrality of different net-
work structures on the synchronization. Moreover, they found that the centrality could
be used as a better indicator of synchronization. Ijtihadie et al. [16] introduced a novel
method of sharing E-Learning content between distributed Learning Management Sys-
tems by using dynamic content synchronization. Sueur et al. [17] studied mass events in
the form of synchronous behavior. They considered that it was a particular form of clus-
ter behavior, which was the emergence of a large number of interacting individuals. In
addition, many studies explored synchronization behaviors from the angle of physics or
parameters of a network structure itself, but existing research rarely incorporates physi-
cal models into the psychology knowledge. For example, Rodrigues et al. [18] discussed
recent developments on variations of the Kuramoto model in networks, including the
presence of noise and inertia. Song et al. [19] studied the impact of different types of
informal networks on converging speed or the number of opinion clusters. Four typi-
cal types of informal networks (small-world, scale-free, tree and fully connected) were
modeled and proposed as complements to formal communications. It was observed that
opinion dynamics with supplemented communications of informal networks could ben-
efit convergence speed and reduce opinion clusters. More importantly, it was revealed
that three key factors of informal networks affected their impact on formal network. Li
and Myers [20] conducted an empirical analysis of the simultaneous rise and fall of stock
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prices based on data on stock returns in 40 countries between 1990 and 2001. Besides,
the rich potential for applications is discussed for special fields in engineering, neurosci-
ence, physics and earth science. However on the basis of physical model and psychologi-
cal theory, few studies have been conducted to reveal the mass incidents that occur over
the years in China.

The development of optimization in Artificial Immune Systems (AIS) [21] is extremely
rapid, including successful applications both in academia [22] and industry [23]. The
AIS has been developed very well from the basic immune algorithm in a typical artifi-
cial immune algorithm, the negative selection algorithm [24], and the cloning selection
algorithm [25], to the immune evolution algorithm [26], and the artificial neural network
hybrid algorithm [27] in a complex artificial immune algorithm. For example, Ju and
Chen [28] used aiNet of artificial immune algorithm to solve project scheduling prob-
lem, and studied the relationship between swarm intelligence and AIS. Furthermore,
Chen and Xiao [29] further applied the artificial immune network to solve the global
optimization problem. Therefore, artificial immune algorithm plays an important role in
optimization field. In this paper, the optimization model is used to control the synchro-
nous evolution results. The evolution process with a pre-defined threshold is continued
until the expected evolution results are achieved, thus making the guaranteed output
results.

Based on the fact, this paper introduces an artificial immune optimization algorithm
that interferes with evolutionary results, which is enhanced by optimizing the network
structure. However, because different network structures may influence its synchroni-
zation capability, how to obtain the suitable one is a typical combinational optimiza-
tion problem. In this paper, we combine optimization with evolution technologies, and
then make evolution result in the optimal direction by the continuous optimization of
the network structure. Finally, a network structure with a relatively superior synchro-
nization performance is achieved. Nevertheless, for the negative ones such as Internet
rumors, we can destroy the network structures to enlarge the gap between the structure
parameters and optimize them to weaken the synchronization capability.

In general, this paper applies the synchronous research model named Kuramoto in
physics into social research, and incorporates emotional and psychological factors to the
experimental evolution simulation of group event synchronization behavior. Meanwhile,
combined with artificial immune algorithm, the optimization of synchronous evolution
results is realized. Hence, we are able to obtain the network structure with better syn-
chronization performance. Finally, it has been applied to social hot events.

Research framework

In this paper, our proposed evolution process of cluster synchronization is divided into
three phases: The first is modeling for complex networks. Many complex network struc-
tures exist among the individuals in the mass event. Hence, the simulation of the real
relation network by the complex network is the basis in our study. To be more consistent
with the actual network, we adopt the small world network model with adjusted param-
eters to generate the social networks model with group attitude evolvement, which is
created by the random broken edge for rewiring through different probability. In the
second stage, the evolution process of individual synchronization process is simulated
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based on complex network. Also, the Kuramoto model is applied to the phase synchro-
nization of spring vibrators. It is mainly applied to the analysis of the group evolution
process of social events. But the disadvantage is that when the model is created and the
parameters are set, the simulation results will not be controlled. The simulation and
analysis of the synchronization behavior were conducted in many research institutes.
Our research needs to control the evolution result, meaning the evolution result of the
final output needs to reach the desired effect. Therefore, the third stage introduces the
artificial immunity algorithm. It adjusts the network structure according to the evolu-
tion results to optimize the evolution effect of the network structure until the evolution
result reaches the pre-set threshold. The synchronization result at this moment is the
best one and will be outputted. Then, we analyze the characteristic parameters, such as
the shortest average length of the network path, the clustering coefficient, the variance
of the degree distribution, etc. Finally, a case study is given to verify and analyze the
method proposed in this paper. The concrete research frame is shown in Fig. 1.
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Analysis of cluster behavior synchronization evolution

This section mainly studies synchronization evolution of cluster behaviors. Firstly, the
initial network structure is generated by parameter-adjustable small world network to
form the connection based on interaction among individuals. Secondly, the Kuramoto
model is used to study the synchronization behavior of social group events, and the evo-
lution results are used to determine whether the group is synchronized. Finally, through
the evolution of small, medium and large-scale network simulations, we analyze the
effect of different network structures on the synchronization evolution.

Complex network modeling

The synchronization of the clapping, the “grab salt event’, and the people’s extreme
speech in the “Shishou event” are all based on complex interpersonal society networks.
The transfer of information and the gaming of interpersonal points of view are inter-
acted by the links among individuals, so the first phase of the process proposed here is to
simulate complex networks by modeling.

The actual social networks are extremely complex. In addition, the differences among
individuals make the networks different. Therefore, when constructed the initial net-
work structure, the method on constructing a small world network is adopted: firstly,
the nearest neighbor coupling networks are generated, including N nodes and connect-
ing multi-edges, in which each node is connected with K/2 nodes of its left and right
neighbors, where K is an even number. Later, taken the random number p (pe(0, 1)) as
the probability, each node reconnects every single edge of the initial network. But in
the rewiring process, it is forbidden to have multiple connections between two nodes or
exist the self-connecting of the same node.

The important reasons for using this method to generate the initial network are as fol-
lows: firstly, studies have shown that the characteristics of small world networks are similar
to the actual interpersonal networks. The network structure generated in this way is closer
to the reality one. Secondly, the rewiring probability p can realize the evolution of network
structure from the regular network to the random network. Therefore, the diversity and
scientificity of initial network are guaranteed. Figure 2 shows a network structure diagram
corresponding to different rewiring probability p:

Synchronous Kuramoto model based on complex networks
Research on synchronous issue has been paid a lot of attention in physics, especially since
complex networks have been proposed. Meanwhile, the issue of synchronization for

Fig. 2 The regular network into a random network diagram:ap=0;bp=0.1,cp=1
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complex networks has become a popular research topic, in which the Kuramoto model is a
classic model of synchronous research due to its simple form and strong expansion. In this
paper, the adopted model is a metaphor for public opinion propagation, and the Kuramoto
one is transformed into an evolutionary model from a social physics perspective.

Social events tend to be complex and involve large groups of people. Each individual
can only interact with some individuals in the group for information interaction. Mean-
while, the constitution of individuals involved is more complex. Therefore, the participative
groups are simplified into heterogeneous ones with local coupling. The state of the individ-
uals in the cluster behavior system can be expressed by the following differential formulas.

) 1 .
ki(t) = ¢ + winig{; a;sin [x; () — x;(8)] (1)

where x,(¢) as well as x,(¢) represents its value of the individual ;, j at time £, respectively.
x;(t) denotes the changing value regarding the attitude of the individual i. #; means the
number of adjacent individuals of the ith individual. Because the impact ability from
each individual to another one is different, a; is used to represent the influence of the
individual j, which describes the difference in the ability of the individual to be able to
alter others’ abilities. w; is an indication of the ability of individuals to receive impacts,
reflecting differences in their temperament and perception. In addition, individuals
show different persistence when they are influenced by the outside world, so c; is used
to indicates the conformity of the individual i and is also applied to reflect the difference
in the individual’s attitude changes. At the same time, the synchronous judgment funda-
ment is introduced as follows.

N
1 .
P =1- | > (Xit) - &) )

i=1

where X;(¢) is the average of %;(¢) and 0<r(¢) <1. The final criterion to judge cluster
behavior to achieve complete synchronization is whether 7(¢) is equal to 1. That is, for
any x(¢) and >0, according to the law of large numbers, if

P{l1—r@®)| =€} =0 3)
then it indicates that the cluster behavior achieves synchronization.
The emergent computation method adopted in this paper is the Monte Carlo one,
because not only it is flexible and simple, but also it has a strong applicability in this
experiment simulation. Moreover, the simulation results are more reliable. During cal-

culation, each individual is taken as an Agent and its operational rule refers to formula

).

Analysis of synchronous evolution

This section analyzes the synchronization behavior through the different scales of net-
work structures to obtain the synchronous evolution results under different struc-
tures. It also analyzes the relationship between the difference of network structure and
the effect of synchronization evolution from the results. Meanwhile, there are a lot of
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parameters derived from the description of the network structures, such as the average
shortest distance between networks, clustering coefficient, degree distribution of net-
work nodes, betweenness, etc. The three main ones for facilitating the synchronization
capability are explored including the shortest average distance, the clustering coefficient
and the degree distribution of network nodes. We made this selection because these
three ones can basically delineate a network structure. Among them, the first one affects
the communication speed among nodes, thus influencing the formation of synchroniza-
tion state; the second one indicates the aggregation degree of the network, which reflects
the close degree of connections among nodes, and usually the larger the clustering coef-
ficient, the closer the relationship is among nodes; the last reflects the number of one
node connecting to others in the network. The existing research shows that the more
uniform the degree distribution in terms of network size and the shortest average dis-
tance is, the better synchronization outcome is achieved [30].

The work of this study is how to determine the network structure corresponding to
the optimal evolutionary result under the constant network scale (i.e., nodes and edges
remain unchanged) through comparing with the synchronous capabilities under differ-
ent network structures. In the premise of satisfying the formula (3) (i.e., the synchroni-
zation is finally reached), the network structure which meets the threshold value shown
in formula (2) is the first one to be satisfied. After that, by analyzing the shortest dis-
tance, the cluster coefficient, and the distribution of network nodes in the optimal net-
work structure, we finally find the universality of these networks.

1. Analysis on synchronous evolution under the small-scale network

Based on the initial small-scale network with network node of 30 and the number of
connected edge of 60, we adopt the metaphorical Kuramoto model to carry out the
experiments of synchronization evolution simulation. The results are shown in Fig. 3
and Table 1, where each numerical point in the graph is the average of 10 simulation
experiments. As shown in Fig. 3, Fig. 3b is the network structure, while Fig. 3¢, d are the
distribution histogram of the probability distribution of the node degree in Fig. 3b and
the degree of the nodes, respectively.

Figure 3a presents that the synchronous judgment value r is very unstable, fluctuat-
ing between 0.88 and 1. Also, it does not meet the requirement of formula (3) in the set
number of evolution times. Obviously, under this network structure, the whole group
synchronization eventually cannot reach equilibrium. Figure 3b shows that the informa-
tion of each network node can only be spread through the surrounding neighbor nodes
layer by layer. The transmission speed is slow and the efficiency is low too. Therefore, it
is not possible to transfer their views and attitudes to others quickly, resulting in a lag of
information transmission and unable to form synchronization in a certain time.

In addition, as shown in Table 1, the main factor that prevents the small system from
achieving synchronization is that the average shortest length of path in the network is
too long and the clustering coefficient is also too high, resulting in the close relationship
between the individual and the neighbor in the system, but lack of interaction with oth-
ers in the whole system.
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Fig. 3 Heterogeneous group results and network parameters’distribution of local coupling evolutions under
the small-scale network: a the diagram of the synchronization effect; b structure diagram of the network; ¢
the probability distribution of the histogram node degrees; d node degree distribution histogram

Table 1 Parameter statistics of network structure corresponding to Fig. 3b

Degree Number of nodes Percentage
(%)

3 3 10

4 24 80

5 3 10

Average shortest path length 34759

Clustering coefficient 049222

Degree of variance 0.04

2. Analysis on synchronous evolution under the medium-scale network
On the basis of the initial medium-sized network, the network node is 300, the connect-
ing edge is 900, and the results of synchronous evolution are shown in Fig. 4 and Table 2.
Figure 4a shows that synchronization judgment is based on the value of r ranging
between 0.9 and 0.95. Ultimately, the trend of the synchronization is not reached. Due
to the expansion of network scale, Fig. 4b has been unable to intuitively provide the dif-
ference between different network structures. From Table 2, the degree of the nodes is
essentially at normal distribution, but the average length of path is long. Pursuant to the
analysis for small-scale networks, we conclude that the synchronization of the system

Page 9 of 28
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Fig. 4 Heterogeneous group results and network parameters’distribution of local coupling evolutions under
the medium-scale network: a the diagram of the synchronization effect; b structure diagram of the network;
¢ the probability distribution of the histogram node degrees; d node degree distribution histogram

Table 2 Parameter statistics of network structure corresponding to Fig. 4b

Degree Number of nodes Percentage
(%)

3 3 1

4 18 6

5 66 22

6 126 42

7 67 22.30

8 16 5.30

9 4 1.40

Average shortest path length 4.1269

Clustering coefficient 0.34163

Degree of variance 1.2248

can be severely restricted if the distance between nodes in the network is long and the
shortest average distance distribution is not uniform. This is because longer distance
gets the communication among nodes blocked. Compared with small-scale network in
Fig. 3a, the synchronization state can be achieved at a certain stage of evolution, while
the network in this scale is unable to even reach the synchronization of the whole view-
point in a short time. Therefore, the shortest average length of distance in a network

Page 10 of 28
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Fig. 5 Heterogeneous group results and network parameters’distribution of local coupling evolutions under
the large-scale network: a the diagram of the synchronization effect; b structure diagram of the network; c
the probability distribution of the histogram node degrees; d node degree distribution histogram

Table 3 Parameter statistics of network structure corresponding to Fig. 5b

Average shortest path length Clustering coefficient Degree of variance

43273 0.3378 21316

structure is an important index to ensure the synchronous evolution result, meaning the
shortest average distance needs to be within a limited range to ensure that the synchro-
nous evolution achieves better results. At the same time, the high clustering coefficient
can cause the local node to be too close, falling into local synchronous state. Apparently,

it will cause difference comparing with the overall synchronization effect.

3. Analysis on synchronous evolution under the large-scale network

In realistic social networks, interpersonal relations are interleaved. The entire number of
individuals in the social network is large. When an influential event occurs, the individ-
ual’s perception of the event and the subjective attitudes tend to change over the course
of the event and create complex interactions with the surrounding individual to create a

mutual impact.
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Based on the simulation environment of an initial large-scale network, which has
1000 network nodes and 4000 edges, the synchronous evolution results are shown in
Fig. 5 and Table 3.

Compared with small-size and medium-size networks, large-scale ones spend more
time for synchronization and are more difficult to achieve a lasting consistency in the
experiment simulation because the amounts of nodes and edges are bigger in large-
scale networks. Figure 5a shows that synchronous judgment with values r changes
with the increase in interactions. In this simulation experiment, due to the larger-
scale network, the interaction between individuals is more complex. The synchro-
nization of the whole system is relatively poor, and the synchronous judgment with
value r has been in a relatively large fluctuation. This is because the amount of net-
work individuals is too large, which makes the network receive too much information
from others to view the event, and further makes judgment and adjustment to the
surrounding situation, resulting in the instability of the overall synchronization, thus
showing the continuous fluctuation of r value. Obviously, in Table 3, under the con-
ditions of the average length of path, clustering coefficient and degree variance, the
individuals in the network cannot achieve the synchronization completely.

Generally, the result of synchronization evolution is not as expected in randomly gen-
erated networks. That is, neither the synchronization result is achieved nor the synchro-
nization duration is sufficient. This is also the reason why it is necessary to introduce the
optimization idea. Based on this scenario, a lot of research will change the parameters of
the participating individuals, or increase the coupling degree of the network to achieve
the synchronization goal. Optimization technology is an efficient way to find out suit-
able network structure parameters to realize synchronization, neither changing the indi-
vidual’s properties nor increasing the network’s connection costs.

Optimization of synchronous evolution process based on artificialimmune
algorithm

The different network structures cause the synchronization evolution results uneven
and their variance is too large. Therefore, the network structures need to be opti-
mized and the output of the final evolutionary result needs to be controlled by opti-
mization technology. In this way, a combinational optimization issue is defined firstly
to optimize the network structures via taking the synchronous evolution effect as an
objective function. At the same time, the optimized network structure is evolved to
check the optimal result. In this work, incorporating optimization technology into
evolution process, we can find out the network structure corresponding to the opti-
mal synchronous capability.

Currently, there exist many optimization technologies, such as particle swarm algo-
rithm [31], ant colony algorithm [32], artificial bee colony algorithm [33], etc. In our
work, the artificial immune algorithm is adopted because of not only preserving the
solution diversity and avoiding the local optimal, but also its fast convergence. In
addition, it has widely applications in many fields including project scheduling, logis-
tics distribution and so on.
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Basic artificial immunity algorithm

The main idea of the artificial immune algorithm derives from biological immune
system and realizes pattern recognition and optimization search processes based on
biological immune system memory, learning, and other functions of imitation. The
antigen and antibody in the manual immune algorithm correspond to the objective
function and the feasible solution in the optimization problem, respectively. The algo-
rithm takes affinity between the antibody and antigen as and the matched degree of
the target function and feasible solution, and then calculates the expected survival
rate of the antibody to promote superior antibody’s genetic and mutation. Memory
cells are also utilized to preserve better feasible solutions after selection so as to
restrain continuous generation of similar feasible ones and ensure that the algorithm
can continue to search the global optimal solution. At the same time, when similar
problems are encountered again, the better solution that adapts to the problem or
even the optimal solution can be generated faster.

Basic steps for the fundamental artificial immune algorithm are as follows.

1. Antigen recognition: determine the objective function and various constraints as
antigen.

2. Generation of the initial antibodies: use stochastic method to generate antibodies in
the solution space.

3. Affinity calculation: calculate the affinity between antigen and antibody respectively
as well as the one between antibody and antibody.

4. Update of memory cell: the antibody with high affinity for antigen is added to the
memory cell, and the individual with the highest one is replaced with the newly
added antibody.

5. Promotion and restraint of antibody: calculate the expected value of each antibody
and restrain the one whose expected value is below the threshold. It can be con-
cluded that the higher the antibody clone is, the lower the variation coefficient will
be.

6. Generation of antibodies: go into the next generation through crossover and muta-
tion.

7. Termination of memory cell iteration: terminate the generation and selection of
memory cells at a specified threshold.

A synchronization optimization process combined with AIS algorithm
The artificial immune algorithm is used to realize the optimization of network structure
in order to enhance network synchronous capability.

1. The optimization objective is the synchronization effect. Also, the optimization result
needs to be represented by the degree of the synchronous performance. Hence, the
evaluation function of the synchronization degree in the Kuramoto model serves as
an antigen, and the network structure is evaluated by the evolution result.
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Table 4 Encoding of network structure
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where r value is the synchronization degree after ¢ evolution times.

2. Create the initial antibody population, i.e. the initial network structure. The initial
network is generated as an antibody by the method described in “Complex network
modeling” section and the population size is 20.

3. Coding: the antibodies are encoded according to the connection. For example, if two
nodes connected in an edge are 1 and 3, respectively, the following Table 4 (1, 3) will
represent the edge. We describe the whole network in this way (as shown in Fig. 6).

4. Affinity calculation: we calculate affinity (Sg); between antigen and antibody i, and
affinity (S,); between antibody i and j, respectively. The affinity between antigen and
antibody is measured by the synchronous judgment value r at time ¢,

(Sg); =i (5)

Page 14 of 28
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When the value of r is larger, the affinity is higher. The affinity between the anti-
body and the antibody is measured by the similarity of the average shortest distance
between network nodes, the clustering coefficient, and the degree distribution vari-

ance as shown in formula (6).

P P P
(Sb)ij=|did]d|+|c’]c|+|e‘1e|

(6)

124 le

where i; and j,; are the shortest average distance of the network i and ;. i, and j, are
the clustering coeflicient of the network i and j. i, and j, are the variance of the degree
distribution of the network i and ;.

5. Update of memory cell: we add antibody with high antigen affinity to memory cells.
Because the number of memory cells is limited, the newly added antibody in the
memory cell will replace the original one with the highest affinity.

6. Promotion and restraint of antibody: we calculate the expected value of the antibody.
The ones with lower expectation will be restrained. The concentration of the anti-
body in the population is:

1 n
CGi=— Z acij (7)
j=1
where ac;; = { (1) gft)lgr: 0'5, the expected value of the antibody i is defined as:
(Sg)i
S =—.
= (8)

The above formula illustrates that antibody with higher affinity for antigen and anti-
body with lower concentration will have higher survival rate. On the other side,
the antibody with lower antigen affinity and higher antibody concentration will be
restrained to ensure the diversity of immune control.

7. Generation of new antibodies. As shown in Figs. 7, 8, 9, 10, crossover and muta-
tion process diagram for antibodies, as well as the results of crossover and mutation
after network structure are in the diagram. We randomly select two antibodies: (1)
creating a random number to select the index of nodes and links to be crossed; (2)
in order to make the new antibody more diverse, while maintaining the advantages
of the previous generation of antibodies, the numbers of the selected crossing nodes
and interconnecting edges are required to be within a certain range. Usually, they
are close to one-fifth of the whole network, so that they are relatively good; (3) check
whether there is a reconnection of the two antibodies after crossover operation. If it
is, one of the nodes will be mutated to ensure that the entire network does not have
a reconnection. The new antibodies were used to replace 80% of the lower affinity
antibodies in the previous generation to form a new generation of antibodies. Repeat
step (3) to step (7) until step (4) that the affinity of antigens and antibodies is stable
around 1. The threshold value of the affinity of antigen and antibody set in this paper
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is 0.97. To ensure the stability of synchronization, the synchronous value needs to be
stable continuously. The basis of the synchronous stabilization is set in continuous
50 times. Based on multiple experimental simulations, the network can be sure to
achieve synchronization when the set threshold value is exceeded 50 times, so as to

stop the iteration and end the optimization process.
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8. Restore codes to rules, and finally get the network structure.

The concrete optimization flow is shown in Fig. 11.

Analysis of synchronous evolutionary network after optimization

The artificial immune algorithm is used to optimize the initial random network men-
tioned in “Analysis of cluster behavior synchronization evolution” section. We can obtain
the post-optimized synchronization evolution effect pictures, network structure analysis
graphs and parameter statistics tables. The detailed analysis results are as follows.

1. Small-scale network evolution effect after optimization by artificialimmune algorithm

The simulation results are shown in Fig. 12 after artificial immune algorithm optimi-
zation. The optimized network structure enables the individual on the network to con-
tinually adjust their attitude towards events according to the individual’s opinion values
associated with the individual. So the individual in the whole system reaches a stable
synchronization state quickly, and the synchronization value r in Fig. 12a is infinitely
approximated to 1. We analyzed the structure of the network via the Fig. 12b-d and
Table 5. From the objective representation of the structure of Fig. 12b, we found that
the entire network is evenly distributed and small groups are rarely appeared. In the
meantime, the connections between the “long distance” nodes are generated, meaning
that information exchange is not limited to the individual in the periphery, thus it sig-
nificantly reduces the length of the average distance of the individuals and increases the
information transformation over the individuals. The clustering coefficient is reduced
to 0.28667, which makes the concentration between individuals to a small extent. Such
scale network (30 nodes, 60 consecutive edges), with the shortest average length of path
2.8299, the clustering coefficient 0.28667, and the network structure with a degree vari-
ance of 0.2178, has better synchronization. For a small-scale network, the first thing to
do is to make sure that the network’s shortest average distance is as small as possible.
Secondly, our approach keeps the variance of degree as small as possible because the
more uniform the degree distribution is, the less the overall synchronism is affected by
the extreme individuals.

Page 17 of 28
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Fig. 11 Flow chart of network structure optimization based on artificial immune algorithm

2. Medium-scale network evolution results after optimization by artificial immune algorithm
The simulation results are obtained after optimization on the medium-scale network
through the manual immune algorithm. Figure 13a shows that the network structure
acquired after optimization enables the individual on the network to continuously
adjust the attitude towards the event according to viewpoints of one connected with
it. Therefore, the individuals of the whole network are brought to a stable synchro-
nous state rapidly, where the synchronized value r is infinitely close to 1.

Through the analysis of the network structure by Fig. 13c, d, and Table 6, the opti-
mized network structure significantly shortens the average length of path. Clustering
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Table 5 Parameter statistics of network structure corresponding to Fig. 12b

Degree Number of nodes Percentage
(%)

3 6 20

4 19 63

5 4 13

6 1 3

Average shortest path length 2.8299

Clustering coefficient 0.28667

Degree of variance 0.2178

coefficient has been reduced as well. In the real world, the six degrees of separa-
tion theory has revealed that the average distance between any two individuals is no
greater than six, and those who have higher identities usually are the important nodes
to close the average distance. Obviously, the optimized network structure increased
the more high-identity individuals, therefore we reduced the average distance of
information flows over nodes. At the same time, it enables the individuals to receive
opinions and attitudes far away from some other ones, making the individual more
holistic of the whole network, thus it effectively avoids the local individual means

which may cause global synchronization problems.
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Table 6 Parameter statistics of network structure corresponding to Fig. 13b

Degree Number of nodes Percentage
(%)
3 2 0.7
4 31 103
5 76 253
6 99 33.0
7 54 180
8 27 9.0
9 9 30
Average shortest path length 3.5869
Clustering coefficient 0.12893
Degree of variance 2.80%

3. Large-scale network evolution results after optimization by artificialimmune algorithm

From the simulation result of the optimization shown in Fig. 14, it can be seen that all
the individuals in the whole network reach the synchronous state under the condition
of the same parameters in this scale network, whereas the analysis results of the net-
work structure from Fig. 14c, d and Table 7 show that the statistical parameter vari-

ations of the two network structures are very small. Apparently, on the basis of the
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Table 7 Parameter statistics of network structure corresponding to Fig. 14b

Average shortest path length Clustering coefficient Degree of variance

3.7022 0.0892 8.1796

original network, slight changes taking place on the network connection significantly
affect the final synchronization situation. In addition, in large-scale network struc-
tures, when the average path length, the clustering coefficient, and the degree devia-
tion of the two networks are close, the synchronization evolution will be close and be
in the vicinity of a full synchronization. If the fit of these parameters is better, a better
synchronization result will be achieved. On the other side, if the fit is slightly poor, it
will reflect directly the instability of the synchronization continuity and appear as a
fluctuation after a period of synchronization, as shown in Fig. 5a.

In general, this section explores the effects of the network structure on the synchro-
nization evolution results by dividing the networks into small, medium, and large-
scale. In small-scale networks, their structures can be observed more clearly to reflect
the overall situation of the connections. In medium-scale ones, the parameters’ dif-
ference of the networks before and after optimization are more obvious, meaning the
average length of path, clustering coefficient and degree variance vary significantly in
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numerical value. Through adjusting these parameters, it is easy to realize the network
synchronization. Large-scale networks are more complex because statistical values of
network structure parameters are relatively close. It is difficult to achieve synchro-
nism results even though parameter adjustments are conducted.

Case study

The characteristics of social hot events are that it tends to induce a wide range of atten-
tion in society individuals, and quickly spread through the empathy of individuals.
During the spread of these hot events, they contain a series of phenomena such as syn-
chronization, polarization, etc. The case of this paper is selected from the “tiger-bites
event” at the Youngor zoo in Ningbo, China, on January 29, 2017, at about 2:30 p.m.,
due to the death of the person who entered the zoo and was bitten by the tiger. His death
caused great public concern, and directly boarded the first prize for the heat search on
the microblogs. In view of the depth and the development of events, the attitudes of the
people show a more obvious tendency to synchronize. Whether the heat is discussed
from the microblogs or the search index of Baidu, the attitude of the people has been
evolving synchronously. We analyzed the netizens’ comments from social platform,
and found that the degree of tone and the synchronicity of the individual comments are
more closely matched. Hence, our paper chooses this event to analyze the synchroniza-
tion phenomenon in the process of the message’s diffusion.

Synchronous evolution analysis of the public opinion about the occurrence of “tiger-bites
event”in the Ningbo Youngor Zoo
Due to the incident involving life safety, regulation, animal protection and other aspects
of tiger injuries, the death of both people and tigers is extremely easy to arouse people’s
continuous follow-up on this issue. Meanwhile, there are endless questions about who
should be affected by the death of people and tigers. Therefore, this event has received
high attention from people in the process of communication, and Baidu index statistics
are shown in Fig. 15.

It took place on 29th January and public opinion reached climax on 30th. With the
impact of the environment, the conformity of the individual is very strong. Under this
kind of circumstance, if one voice is stronger than others, the whole network will start

Tiger bite
Seach index
January 152017 On January 22 On January 29 On February 5 On February 12
Fig. 15 Baidu index curve of tiger bite-biting event in NingboYoungor zoo
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leaning to the side. According to the evolution of the Sina Weibo comments over time,
from the initial development to climax stage, public opinion is basically towards the
sympathy for the death of the tiger and the disapproval of the deceased. In the discussion
of the topic from Sina Weibo, the network users who support the tiger and the deceased
are in the ratio of 8:1. Those who support the tiger are based on the following reasons:
(1) the deceased, in violation of the regulations of the zoo, ignored the regulations of the
zoo and the warning. Hence, he should be responsible for his behaviors under the obvi-
ous risk. (2) The tiger considers the dead as its prey. It is its nature for hunting food and
the final shot is innocent. The main viewpoint supporting for the deceased is that the
victim may be wrong, but in human terms, the sin is not deserved to die.

This paper simulates the process of synchronous evolution of the event. First, the con-
formity parameter c; is a positive number that obeys normal distribution N (0.6, 0.3), in
which the mean value is taken as 0.6 to reflect the mass of people in the event. The vari-
ance is 0.3 for the occurrence of tiger bites because the participating individuals are in
high heterogeneous with different age spans, occupations, backgrounds, etc. In addition,
in the group public opinion of tiger bites, the influence of individual transmission and
the ability to receive influence of others are amplified. Moreover, in the public opinion of
the group, the individual’s attitude is affected by the influence of the emotional infection
of others. Therefore, the parameters are taken as o; ~ N (1.2, 0.3),w; ~ N(1.5, 0.3).

Simulation of this event is based on a large-scale complex network with 1000 nodes.
The optimized network structure with good synchronous evolution in “Analysis of syn-
chronous evolutionary network after optimization” section is adopted as the foundation
network of the event simulation. The emergence calculation model of “Synchronous

Kuramoto model based on complex networks” is used as the judgment standard for the
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synchronous evolution effect. By calculation, Fig. 16 shows that after a period of time,
the system starts to emerge from the cluster synchronization phenomenon. The public
opinion gradually tends to be stable after the intense interaction as well, which indicates
that the majority of participants’ attitude towards the tiger bite incident tends to be con-
sistent. Also, the consensus is reached after a period of time, which is consistent with the
final trend of the public opinion.

The statistical results over the network structure illustrate that average shortest dis-
tance is 3.89, the average clustering coefficient is 0.097, and the distribution of the
degree of variance is 8.88.

Synchronous evolution analysis of public opinion in “tiger-bites event” based

on optimization technology

According to the study in “Research framework” section, AIS is used to optimize the
initial network. The final goal is to improve the synchronization performance includ-
ing the synchronization degree as well as the synchronization lasting time. By analyz-
ing the optimized network structure, we derived that the shortest average distance
of the network is 3.708, the mean clustering coefficient is 0.0889, and the variance of
the degree distribution is 8.07. Compared with the situations before and after opti-
mization, these three parameters are reduced so the network structure is more con-
ducive to the realization of the synchronization. The optimized network structure is
adopted to simulate the “tiger bites event’, and all the parameters are the same as the

ones mentioned in the “Synchronous evolution analysis of the public opinion about
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the occurrence of “tiger-bites event” in the Ningbo Youngor Zoo” section except for
the utilization of different network structures. It turns out that, as shown in Fig. 17,
we can see that the efficiency of arriving to synchronization in the “tiger bites event”
has been increased significantly. So it is clear that the changes in the structure of
the network directly affect the results of synchronous evolution. By comparison, the
synchronization effects were achieved both before and after optimization. However,
obviously, it is much faster to achieve synchronization using optimized networks.

The work mentioned above to enhance the synchronization degree and efficiency
by optimizing the network structure is generally applicable to many fields, such as the
synchronization of marketing and advertising input, the degree of acceptance by the
consumer, etc.

All in all, under networks with different sizes, there must be a network structure that is
conducive to synchronization phenomenon. In this network structure, the shortest dis-
tance, the clustering coefficient and the variance of the distribution are the criteria. In
the positive events, we can simulate the original network, predict the final synchroniza-
tion effect of the event, and then enhance the synchronization degree and synchroniza-
tion lasting time by optimizing the network structure. For example, during the “Double
11 shopping frenzy” in China every year, it’s totally possible to realize the evolution of
the synchronization effect as well as the optimization of the network structure accord-
ing to the previous consumption network relations, the investment of the advertisement
and the earlier performance of the consumers. In the later stage, businesses can develop
accurate marketing strategies according to the evolution results. In reality, the positive
construction of the shortest path has become the main goal of the merchant in build-
ing a marketing network. In last year’s “Double 11 shopping frenzy’, during the advise-
ment stage, the business divided up the number of red envelopes to groups of people
who were not directly related to each other. So people had to have relationships with
each other in the form of a group of friends, and consequently the distance of the entire
consumer network has been closed directly. Hence, the investment and sales volume of
the marketing money can be synchronized, which is a very effective way of shortening
the distance among the individuals and causing the group to synchronize.

Not just in China, in western countries such as the United States, social networking
sites led by FaceBook, and some special social + shopping websites and tools, such as
Buzzillion, Crowdstorm, JustBoughtlt, Kaboodle, OSOYOU, MyDeco, etc. draw much
closer to the consumer’s distance. These sites actually combine two very popular
online activities—shopping and social contact. Customers can share their experiences
through these websites, whether these experiences are positive or negative. They can
also seek more help and advice, and obtain how to handle some exceptions. For exam-
ple, “Black Friday” after Thanksgiving is the largest shopping party in the west. Since
the social network has been popular in the last few years, every year on “Black Friday”
eve, these networks have been using a number of ways to aggregate consumption ter-
minals and increase synchronization lasting time. For instance, merchants post their
advisements in the social networks’ Banner; consumers share shopping information
through network groups and internet forums; merchants use celebrities and fans to
increase their attention to the product; virtual markets are used to get consumers to

market information.
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In the case of some extreme events, government administrative departments often
want to suppress the occurrence of group synchronization behaviors. Therefore, an evo-
lutionary analysis of the events can be conducted during the initial inoculation process,
and the existing nodes in the network are attacked on the basis of the simulation analy-
sis. Obviously, the earlier the node enters the network, the larger influence it will have.

Conclusion

The previous study of cluster synchronization behavior was focused on the synchroniza-
tion evolution model, the approach to the threshold value of synchronous behavior trig-
gering, etc. Scholars rarely did the research that controlled the output of the evolution
result by combining synchronization evolution and optimization. From the perspective
of social physics, this paper constructs the Kuramoto metaphor model, optimizes the
network structure through the artificial immune algorithm, thus obtains the better evo-
lution result, and then divides the network scales into small, medium and junior catego-
ries for experimental analysis. The main conclusions are summarized as follows.

1. Simulation analysis on the small world network is performed. We use the small world
network with adjustable parameters to construct the network model closer to the
real social network. Subsequently, metaphor model of synchronous behavior is set
up based on the small network. After that, the synchronization evolution experiment
and optimization analysis are further carried out. Moreover, the influence of the con-
nection scheme of the network on the synchronous capability is taken into account
when the network size is unchanged. The result is of great significance for reference
and practice.

2. The reduction of the shortest average distance of the network is benefit to the
enhancement of network synchronization capability. However, in a network with
constant scale, the distance is not infinitely shortened. When the shortest average
distance is reduced to a certain value, the clustering coefficient and the degree dis-
tribution variance of the network will have significant impact to the synchronization
performance. Clustering coefficient will produce an intermediate value ranging from
big to small in the process, which generates the strongest synchronization capability.

3. AIS optimization algorithm is introduced to enhance network cluster synchroniza-
tion capability. Combining evolution and optimization technologies, the evolution
direction is guided by the optimization function to obtain the network structure with
better synchronization effect.

In addition, due to the complexity of the cluster synchronization events, it is nec-
essary to further explore the quantitative relationship between the shortest average
distance, the clustering coefficient and the variance of the distribution in the network
structure with better synchronization outcomes, but not limited to the qualitative
study. At the same time, the structure of the synchronous optimal network obtained
in this paper is somewhat different from that of the real social network. How to
improve the network with better synchronous capability and the real social network is
the next important work. Besides, from the perspective of Big Data, it is highly valued
to conduct such research as to reflect the whole trend of the event development with
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data-driven and then verify the reliability and scientificity of the simulation experi-
ments in the opposite direction.
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