
College Students’ Service Feedback Based on a Complex Network 1297 

 

 
*Corresponding Author: Xinyi Wang; E-mail: wangxy@bjtu.edu.cn 

DOI: 10.53106/160792642022112306012 

College Students’ Service Feedback Based on a Complex Network 
 

 

Xinyi Wang*, Jinji Fu, Rui Qi, Bokai Xu, Ming Huang 

 

Jeme Tienyou Honors College, Beijing Jiaotong University, China 

wangxy@bjtu.edu.cn, 20251197@bjtu.edu.cn, 21126296@bjtu.edu.cn, 20271271@bjtu.edu.cn, 

20281284@bjtu.edu.cn 

 

 

Abstract 
 

The ideas of others always influence people because they 

are social animals. They will evaluate a movie based on the 

rating level and change their decision based on someone’s 

advice. It is expected that the comments on the news are 

reversed suddenly because of a few people, especially in the 

context of the communication wave set off by the Internet as 

a new media. It is worth noting that there is a relationship 

between the deviation of public opinion and the intimacy 

between people, and confidence and openness also play a role. 

Recently, there has been renewed interest in dynamic models 

of research opinions. Our goal is to build a dynamic model of 

opinion offset based on various influencing factors and then 

use it to control public opinion more accurately and reduce the 

loss caused by them. We analyzed existing models and found 

that few articles considered people’s confidence, openness, 

and intimacy together. Therefore, we designed new models 

that considered all the influencing factors. We tested the 

model with actual data and achieved high accuracy. Finally, 

we found that opinions would eventually converge to a peak 

value, and the time needed for convergence was affected by 

intimacy, openness, and confidence. 

 

Keywords: Public opinion influence, Opinion deviation, 

Complex network, The level of openness, The 
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1 Introduction 
 

1.1 Prior Work 
 

Public opinion is a general opinion or attitude expressed 

publicly on a particular topic and expresses the public’s views. 

It is widely spread with obvious subjective tendencies and is 

invisible but plays a vital role in our lives. Taking the 

judgment of criminal cases as an example, “Do you and I, and 

our neighbors and friends, collectively decide that lawbreakers 

should suffer more when crime increases?” Justin T. Pickett 

asked when he researched the relationship between public 

opinion and criminal justice policy. He gives evidence for the 

effects of public opinion on court decision-making, capital 

punishment policy and use, correctional expenditures, and 

incarceration rates [1]. 

Moreover, public opinion is often a proximate cause of 

policy, affecting policy more than policy influences opinion 

[2]. The impact of opinion remains strong even when the 

activities of political organizations and elites are taken into 

account [3]. Public opinion is powerful because human beings’ 

instinct as social animals drives them subjectively to the 

opinions of others. When public opinion becomes the sword 

of malicious people and lies become the gimmick of 

sensationalists for profit, it is our urgent responsibility to end 

this phenomenon from the root. In addition to punishing 

rumormongers, we also need to understand the causes of this 

phenomenon. 

In theoretical research, Auletta et al. showed that the 

minority could influence the majority’s deviation from the 

optimal decision [4]. Based on their study, Vincenzo Auletta 

et al. formally defined Discrete Preference Games in 2017. 

Then researchers found an important factor driving public 

opinion—the degree of relationship intimacy—and people 

began to establish an opinion deviation model dominated by 

relationship intimacy. Bhawalkar et al. proposed a general 

coevolutionary idea of game formation with dynamic social 

relations, but the construction of this model had not made 

progress at that time [5]. Based on this, Auletta et al. studied 

the coevolution process of opinion formation and the cross-

influence of social relations. A polynomial time algorithm 

calculates the set of all pure Nash equilibria and all optimal 

social equilibria for a given game. It was published in the 

Opinion Formation Games with Dynamic Social Influences in 

2017 [6]. And Fei Xiong proposes a dynamic opinion model 

by the evolutionary game theory, which can improve the 

recommendation [7].   

For model building, in 2008, Feng Fu et al. investigated 

the coevolutionary dynamics of opinions and networks. They 

found that one system goes from a diverse world where a wide 

variety of ideas are present to a uniform one where everyone 

shares the same view [8]. Then A. Sattari et al. constructed a 

non-consensus opinion model. They found that the nodes 

holding the same opinion demonstrate a phase transition from 

small clusters to large spanning sets when the concentration of 

that opinion increases [9]. In 2011, Daron Acemoglu et al. 

defined asymptotic learning and compared Bayesian models 

with non-Bayesian models. Then, they found that both models 

lead to consensus and are unlikely to lead to asymptotic 

understanding [10]. Then, Anahita Mirtabatabaei et al. 

explained the convergence of the model: all trajectories of the 

bounded confidence and influence models eventually 

converge to a steady state under fixed topology [11]. Soon, 

people began to notice the role of stubborn agents who never 

updated their opinions [12]. In 2014, Javad Ghaderi and R. 

Srikant studied the equilibrium and convergence rates in social 

networks with persistent agents [13]. After that, agents are 

classified into three categories: open-minded, moderate-

minded, and closed-minded, while the whole population is 
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divided into three subgroups accordingly [14]. Then, P. F. 

Lazarsfeld et al. defined an opinion leader: opinion leaders are 

an essential source of information and influence in a team. 

They can influence the attitude of the majority [15]. Opinion 

leaders may produce or accelerate people’s behavior changes 

[16]. Based on that, people built some leader-follower opinion 

dynamics models to simulate well. For example, Yiyi Zhao et 

al. used their model to demonstrate collective opinion 

evolution in three cases: no opinion leader, single opinion 

leader, and multiple opinion leaders [17]. Researchers also pay 

attention to instances where agents’ opinions on two or more 

interdependent topics are influenced [18]. 

Weiguo Xia et al. proposed an asynchronous discrete-time 

opinion dynamics model on a social influence network. At 

each instant, a single individual updates her expressed and 

private opinions. Assuming all individuals activate at least 

once within a finite period and the influence network is rooted, 

we established convergence to consensus when no individual 

was attached to her prejudice [19]. Nan Zhao et al. built a 

novel evolutionary game model to describe the evolution of 

behavior and perspective more accurately. They improve the 

traditional dynamic link weight model from this perspective to 

increase adaptability. In addition, we introduce the 

information infiltration mechanism and the individual 

behavior and view the coupling mechanism in the model. 

Under the effect of these two mechanisms, the proportion of 

cooperative behavior strategies in social groups increases 

significantly, and the emergence of collective behavior is 

extensively promoted [20]. Zhan Bu et al. proposed a novel 

and powerful graph K-means framework composed of three 

coupled phases in each discrete-time period. Specifically, the 

first phase uses a fast heuristic approach to identify those 

opinion leaders with a relatively high local reputation. The 

second phase adopts a novel dynamic game model to find the 

locally Pareto-optimal community structure. The final stage 

employs a robust opinion dynamics model to simulate the 

evolution of the opinion matrix [21]. Barrat proposes a 

recommendation method with indirect interactions that 

adequately uses the users’ relationships on social networks 

and rating data based on the local influence between users and 

global power over the whole network [22]. In 2021, Tinggui 

Chen et al. found that environmental forces have a more 

significant impact on the number of subtopics, and the amount 

of information in subtopics determines whether the subtopic 

can be the critical factor forming the derived public opinion 

[23].  

The dynamic opinion model based on a complex network 

has application value in many fields. Jorge Castro et al. 

developed GRS Group Recommender Systems based on 

opinion dynamics. Compared with other systems, their work 

would have a flexible aggregation method, member 

relationships, and agreed-upon recommendations [24]. We 

can also use it in other fields. For example, Quanbo Zha et al. 

have submitted a paper that reviews opinion dynamics in 

finance and business [25]. 

In 2014, in Modeling Opinion Dynamics in Social 

Networks, Abhimanyu Das et al. proposed the Modeling 

problem of how users update their opinions based on the views 

of their neighbors [26]. This model not only takes into account 

the stubborn behavior of experimenters but also captures the 

user’s tendency of conformity, inputs the two as parameters 

into the theoretical model constructed, and verifies that the 

model is consistent with the facts under reasonable 

assumptions through analysis and simulation. Opinion 

formation has a conformity bias; agents give more weight to 

opinions that conform to their ideas. Combining some aspects 

of the Flocking and the deGroot Models, they study the 

subjects’ response not only as a function of the size of the 

neighborhood, and the facts used by them are not easily 

identifiable types, and the point of view is also not dualistic. 

In that paper, the researchers presented adjacent opinions in a 

structured way, but the authors did not prove whether this 

harms opinion formation. 

In the same year, Abir De et al. presented a different Model 

and estimation algorithm in the paper “Learning a Linear 

Influence Model from Transient Opinion Dynamics” [27]. It 

was the first attempt to learn linear opinion propagation 

dynamics from observed individual subject opinion values 

without attracting steady-state behavior. Compared with well-

known baselines, such as the voter model, biased voter model, 

forced model, and DeGroot’s linear model, the model 

presented here produces significantly more minor prediction 

errors by 2-15 times. The model focuses on the estimation 

error of a single influence edge rather than aggregate behavior 

such as a bifurcation. It is also the first attempt at learning 

linear opinion propagation dynamics from observed opinion 

values of the individual agents without appealing to steady-

state behavior. At the same time, Fei Xiong proposes an 

opinion model with the topic impact in which personal 

opinions and topic features are characterized by a 

multidimensional vector. There are many classical models for 

complex networks. Most real complex networks have small-

world effects: smaller average path lengths and more 

significant agglomeration coefficients. So Watts and Strogatz 

proposed a small world network model, then Newman and 

Watts proposed the NW model to improve it [28]. But most 

real complex network degree distribution obeys power law 

distribution. Based on this, Barabas and Albert proposed a 

scale-free network model.  There are also LC models suitable 

for the more general case, and the BBV model considers the 

influence of topology and weights in the dynamic evolution of 

the network. 

 

1.2 Our Work 
 

Although many high-precision models have been 

established for this problem, many models consider a single 

factor. After a detailed analysis and calculation of the existing 

model, we proposed an innovative model in which we 

consider various factors, such as people’s confidence, 

openness, and intimacy. Then, we designed a questionnaire to 

collect a large amount of actual data from students in school, 

tested the model, optimized the model constantly, and finally 

achieved good results. We propose to exploit complex 

networks to solve the problems. The source of the complex 

network can be traced back to the “Seven Bridge problem” 

raised by the mathematician Euler in the 18th century. Later, 

with the rapid development of complex systems, it was applied 

to various fields. 

 

2 Problem Formulation 
 

2.1 Subsection 
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Our model takes into account the influence of people’s 

preexisting opinions. At the same time, in disseminating ideas, 

people tend to adopt views similar to their own or prefer the 

opinions of people they trust. Therefore, the model also takes 

this phenomenon into account during opinion propagation. 

Since the spread of opinions in real life does not only 

depend on influence, we divide honest opinions 𝒛  into 

original opinions 𝒉, which refer to people’s judgment based 

on their situation and understanding, and realistic opinions 𝒄, 

which refer to the value of ideas people get after the spread of 

views. For example, in an event or field that people do not 

know much about, realistic views tend to take up more weight, 

and people will be more receptive to listening to the opinions 

around them; however, for events that they are familiar with, 

original thoughts tend to take up more weight. Therefore, we 

assume that each person’s “level of confidence” is 𝝁, so the 

honest opinions are equal to the weighted sum of the two. 

 

z = μℎ + (1 − μ)c.               (1) 

 

To describe the more significant influence of similar 

opinions, we use the set of identical opinion holders in the HK 

model; there is its corresponding threshold of similar opinions 

𝜺  for each person, the absolute value of the difference 

between other people’s opinions and their own opinions is less 

than the threshold, and then the two are said to be similar. 

People who hold the same opinions have a more significant 

influence on each other. The set of identical opinion holders 

is. 

 

𝑆𝑖(𝑧) = {𝑗|   | 𝑧𝑖 − 𝑧𝑗  | ≤  𝜀 }.        (2) 

 
We obtain realistic opinions from disseminating honest 

views in the previous round. 

 

𝑐𝑖
𝑡+1 = {

𝑤𝑖𝑗

𝛴𝑤𝑖𝑗
𝑧𝑖

𝑡 ,
|𝑆𝑖|

𝑛
< 𝜎𝑖

∑𝑧𝑗
𝑡

|𝑆𝑗|
,

|𝑆𝑖|

𝑛
< 𝜎𝑖 , 𝑗 ∈ 𝑆𝑖

,       (3) 

 
where 𝝈𝒊 represents the level of openness of individual 𝒊, i.e., 

the degree of acceptance of various opinions. When there are 

more similar opinions, realistic ideas are obtained from the 

average of similar views because there are more opinions 

identical to one’s own. So one is more likely to adopt similar 

statements rather than easily change one’s opinion. When 

there are fewer similar opinions, they do not still stubbornly 

adopt similar opinions but vary their views based on the 

influence matrix.  

It can be seen that the greater the degree of openness, the 

easier it is to accept the public’s thoughts. The previous degree 

of confidence is more similar to the degree of acceptance. Still, 

the degree of faith is more descriptive of each person’s belief 

in their judgment and, to some extent, includes the degree of 

approval but also the estimation of opinions based on one’s 

position, so there are still differences between the two. 

The original opinions describe the values of the views 

based on the original judgment. When a round of opinion 

propagation is over, the honest thoughts of that round will 

strengthen or weaken its decision, so the fundamental ideas of 

the previous round will impact the original view of the next 

round. 

 

ℎ𝑖
𝑡+1 = 𝜇ℎ𝑖

𝑡 + (1 − 𝜇)𝑐𝑖
𝑡+1.          (4) 

 

The consensus of the group will also have an impact on the 

person’s opinion. In most cases, views will be closer to the 

plurality of the views of their group. That is, 

 

𝑐 = 𝑞𝑀𝑧 + (1 − 𝑞)𝑐,              (5) 

 

where q represents the acceptance of the consensus and is the 

plurality of opinions. 

By observing the actual situation, we will also find that the 

opinions of individuals tend to converge on the views of 

people who are close to them and have significant influence. 

That is, ideas are more influenced by a few people who are 

close to them than others, i.e. 

 

𝑐 = 𝑝 ∑ 𝑎′
𝑖𝑧𝑖𝑖,𝑎𝑖 𝑖𝑛 𝑡𝑜𝑝 𝑘 + (1 − 𝑝) ∑ 𝑎′′𝑖𝑧𝑖𝑖,𝑎𝑖 𝑛𝑜𝑡 𝑖𝑛 𝑡𝑜𝑝 𝑘 , 

(6) 
 

where 𝒂′ and 𝒂′′ represent the normalized coefficients of 

the influence of close and distant relationships, respectively, 

and 𝒑 represents the degree of acceptance of the opinions of 

intimate relationships. A degree of acceptance of 1 indicates 

that one listens very much to the views of friends and relatives 

and hardly trusts other people’s thoughts. 

We divided the respondents into three categories: 

(1) Firm: A determined person does not quickly revise his 

opinion, so his value of 𝝈 will be lower. For some stubborn 

people, their value of 𝝈 equals 0. At this point, they will not 

accept the public’s general opinion but will only modify their 

views based on similar arguments. Therefore, even if 

perspectives converge, it is still possible for their ideas to 

change to an intermediate state, but it will take longer. For 

highly stubborn people, the value of 𝝈  is not only the 

smallest, equal to 0, but for the most confident ones, the value 

of 𝝁  equals 1. Their original opinions will not be affected 

by the surrounding thoughts, and the final valid ideas will be 

the same as the actual opinions. 

(2) Intermediate: Intermediate people’s levels of openness 

and confidence are between 0 and 1, allowing them to be 

influenced by their opinions while also retaining their original 

thoughts to a certain extent. 

(3) Open-minded: These people are very open, approxima- 

tely 1, meaning they tend to take a public opinion. Or the 

confidence level is low, and they can promptly correct their 

original judgments. When the level of openness is 1, it means 

that they always accept the opinions of the public; when the 

level of confidence is 0, it means that they will not stick to 

their original judgments but always depend on the views of the 

outside world. 

Regarding the level of confidence, we believe that the 

level of trust will differ for different events, depending on 

whether they understand the matter and whether they have a 

deep understanding. The story of openness is more inclined to 

the personality of the person itself, so the degree of 

transparency of each person can be regarded as a fixed value. 

 

2.2 Data Comparison 
 

2.2.1 Data Source 
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We interviewed 478 students in a college and distributed 

four rounds of questionnaires to investigate the students’ 

views on in-depth counseling work. In each game of 

questionnaires, we asked students to write their opinions on 

in-depth counseling. The difference is that in the first round, 

we calculated the intimacy of each student with classmates, 

roommates, and friends. And the preliminary views of the 

students on in-depth counseling by counselors were also 

obtained. In the third and fourth rounds, one can also see the 

distribution of opinions of students with a high degree of 

intimacy with themselves. 

We have established a questionnaire system and used it to 

collect data. Figure 1 shows the intimacy network we launched 

based on the data collected from the questionnaire using the 

relational database neo4j. 

 

 

Figure 1. The network of opinions 

 

Ultimately, we collected 1292 valid questionnaires, and 

Figure 2 shows the proportion of the initial dissenting opinion 

values of 1st question. The ‘null’ is unsubmitted opinions. And 

the 1~4 are combined displays because the share is minor. 

 

 

Figure 2. The first round of questionnaires 

 

2.2.2 Real Data Processing 

 

We obtained an opinion influence matrix composed of all 

participants by the results of the questionnaires, as well as the 

opinion values for each round of the questionnaire. However, 

there are some invalid values, which were set to zero. 

The number of people who know each respondent and 

their influences, which somehow measures whether he is more 

open, can be used as a basis for the value of 𝝈. The value of 

𝝁, on the other hand, is calculated by the number of people 

who know the respondent and his influence on them. 

Since the influence values in the questionnaire were taken 

from 1 to 10, excluding those who did not fill out the 

questionnaire in the first round, we normalized the influence 

by taking the e index and dividing it by the rest of the sum. 

Finally, we obtained an influence matrix with a sum of 1 in 

each row. 

Finally, our Complex network dynamic model is 

substituted to predict future opinion change and compared 

with the objective opinion situation. 

 

3 Problem Solution 
 

3.1 Simulation Results 
 

We simulate the initial value of different opinions and 

generate the initial idea through a Gaussian distribution. The 

final situation will converge around that peak when there is 

only one opinion peak. When there are more opinion peaks, 

the last case converges to the mean value of the initial opinion. 

Additionally, the value of converging views is strongly 

influenced by the views held by the firm. We assume that the 

level of openness and confidence are both 1:8:1. The final 

evolution is shown in Figure 3. 

 

 

Figure 3. Results of different initial distributions 

 

We also examine the effect of the ratio of assertiveness in 

the population, assuming here that the level of openness 

remains 1:8:1. The result is shown in Figure 4 and Figure 5. In 

all cases, the red line (less assertive) is mainly in the innermost 

part, the green line (moderately strong) is in the middle, and 

the blue line (more emphatic) is in the outermost position. The 

time required for convergence tends to be shorter as the 

proportion of less confident individuals increases. The larger 

the percentage of those with higher confidence, the longer it 

takes for the opinions to converge. At the same time, when the 

proportion of less faith is 0, the opinion evolution differs from 

other evolutionary situations, probably because less confident 

people can change their opinions faster during the opinion 

evolution process so that the overall opinion trend can be 

smoother. In contrast, when the percentage of those with a 

higher confidence level is 0, the general opinion evolution 

trend is rapidly approaching the middle peak, and the time 

required is much shorter. 

 

 

Figure 4. Results when the percent of people with lower 

confidence is larger 

 

 

Figure 5. Results when the percent of people with higher 

confidence is larger 

 

3.2 Trend Comparison 
 

The genuine opinions, most of which vary from 5 to 10, 

can be seen from the Figure 6 that the trend prediction of 

opinion evolution is correct, with a prediction accuracy rate of 

approximately 72.52% and an average opinion prediction 

deviation of roughly 0.2. However, the predicted values are 
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slightly more concentrated because the number of 

questionnaire rounds is small. The opinion evolution pattern 

shown is not very obvious yet but still conforms to the basic 

design. 

The level of openness and confidence selected for the 

prediction are based on the influence matrix and may not be 

comprehensive, so we can see that in the actual case, more 

people keep their opinion at ten than predicted, which 

indicates a high level of confidence in the question. 

 

3.3 Robustness Discussion 
 

For the other questions, do they also conform to the above 

pattern? We substituted the other questions in the 

questionnaire into the model to make predictions and ended up 

with an accuracy rate of 89.28% (for the second question), 

with an average prediction error of approximately 0.1 per 

round; the third question ended up with an accuracy rate of 

89.98%, also with an average prediction error of roughly 0.1 

per round. Figure 7 shows the change in opinion for the third 

round of questions. The primary trend is consistent. 

 

 

Figure 6. True opinions and pred opinions of 1st question 

 

 

Figure 7. True opinions and pred opinions of 3rd question 

 

In the 2nd question, the actual data is mostly 2 and 3, and 

the predicted value is the same. A few opinion values are close 

to 1 and 4, and most of the opinions will be between 2~3. For 

the 3rd question, similarly, the four rounds of actual data are 

mostly 1~2, and the model’s predicted value will also be 

concentrated between 1~2. The model was able to predict the 

evolution of opinions accurately. From the predicted graphs, 

we can also see how the future opinion evolution will be. Both 

questions will gradually approach the median value and will 

be slightly lower than it. 

It can be found that the accuracy of the prediction is higher 

than the first question because the first question’s opinion 

value is from 1~10, but the last two questions’ opinion value 

range is smaller than the first one; it is 1~4 and 1~3, so the 

opinion value will become more refined, and the error will be 

minor. 

 

4 Conclusion 
 

In this paper, we first introduce the definition and 

application background of the opinion dynamic model and 

then summarizes the development of the dynamic opinion 

model. Next, we comprehensively considered the influence of 

people’s confidence, openness, and intimacy on opinion shift 

and constructed a Complex network dynamic model, which 

achieved good results in simulation. Next, we collected 

objective data, used the model to make predictions, and 

obtained a high accuracy rate. We found that opinions would 

eventually converge to a peak value, and the intimacy, 

openness, and confidence influence the time for convergence. 

Our model can be used to control public opinion to reduce the 

influence of a wrong general idea, such as rumors and slanders, 

on people. The prediction of accurate data shows that our 

model still has some biases. And our proposed model may not 

be applicable to large data samples. So next, we will further 

improve the prediction accuracy and robustness of our model. 
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