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Abstract. In this paper, we simulated based on the theory of the dynamics of a 
recent new opinion that incorporates both trust and distrust in human relation-
ships. As a result, it was observed that the aspect of consensus building depends 
on the ratio between the confidence coefficient and the distrust coefficient. For 
the model proposed in this study, the ratio of confidence factor to mistrust tended 
to change, like a phase transition near 55%. This implies that 55% of the connec-
tions between people are sufficient for society to reach consensus. 
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1 Introduction 

With the spread of public networks, public network devices are spreading all over the 
world. As a result, the opportunities for decision-making and consensus building be-
yond space-time constraints are greatly increasing. In other words, online plays a big 
role as a concrete physical place for disagreement and consensus building. In the future, 
it is expected that simulation discussions on the formation of opinions of many people 
will be required. The issue of consensus building through social exchange has been 
studied for a long time. However, in many cases, theories are mainly analytical ap-
proaches based on consensus building [1,2]. As consensus was reached, people's opin-
ions tended to eventually converge on a small number, as the trusted model [3,4,5] 
shows. However, the distribution of opinions in real society cannot be summarized into 
a small number of opinions. At least, it is assumed, depending on the results of the 
simulation, that they cannot be summed up. Recently, Ishii and Kawahata have pro-
posed a new theory of opinion dynamics that includes both a relationship between trust 
and distrust in human networks in society [6,7,8]. In this paper, we apply theory to the 
distribution of opinions in society where  both trust and distrust are included. This paper 
discusses, the tendency of phase transition like behavior in depend on the parameters 
of the ratio of trust and distrust of human relations in society. 

 



 

 

2 Method 

We apply the opinion dynamics theory to calculate simulation for human behavior in 
society [6,7,8]. In this paper, in order to discuss the time transition and trust relationship 
between the two parties, we introduce distrust into the Bounded Confidence Model. For 
a fixed agent, say i, where 1 ≤ i ≤ N, we denote the agent ’s opinion at time t by Ii(t). 
We modify the meaning of the coefficient Dij in the bounded confidence model as the 
coefficient of trust. We assumed here that Dij > 0 if there is a trust relationship between 
the two persons, and Dij < 0 if there is distrust relationship between the two persons. In 
the calculation in this paper, we assume that Dij is constant [6]. Therefore, the change 
in opinion of the agent i can be expressed as follows [7].  

∆𝑰𝒊(𝒕) = 𝒄𝒊𝑨(𝒕)∆𝒕	 + 	+𝑫𝒊𝒋𝒇.𝑰𝒊, 𝑰𝒋0.𝑰𝒋 − 𝑰𝒊0∆𝒕													(𝟏)			
𝑵

𝒋$𝟏

 

where we use the sigmoid type smooth cut-off function below in order to cut-off effects 
from people who have very different opinions. Namely, in this model, we hypothesize 
that people do not pay attention to opinions that are far from their own. 

𝒇.𝑰𝒊, 𝑰𝒋0 =
𝟏

𝟏 + 𝒆𝒙𝒑6𝒂.8𝑰𝒊 − 𝑰𝒋8 − 𝒃0:
																	(𝟐) 

We assume  here that Dij and Dji are independent. Usually, Dij is an asymmetric matrix; 
Dij ̸= Dji. In the calculation below, we set a=1 and b=5. Furthermore, condition that 𝑫𝒊𝒋 
and 𝑫𝒋𝒊 can have different signs. In the following actual calculations, we show simula-
tion calculations using Ishii theory [7] for 300 persons. For simplicity, we assume that 
the connection of 300 persons form complete graph. Dij for each link of persons are set 
to be the value between -1 to 1 using random number in actual calculations. In the actual 
calculation, the setting of the ratio of positive value and negative value is changed when 
Dij takes a value of 0 to 1 and the proportion of taking a value of -1 to 0. The initial 
opinion values for 300 persons are decided between -20 and +20 randomly. 

The locus of 300 opinions is calculated as a result of the opinion dynamics model 
calculation, and the histogram is simulated as an opinion distribution. Additionally, for 
comparison of calculated distribution with observation, we use comments to TV news 
reports on YouTube. Currently, there are also various studies related to natural language 
processing owing to i) new full provision of data based on dictionary data and learning 
data and ii) expansion of classification methods in machine learning [9-11]. The data 
set on YouTube in this analysis method is focused on English language. A comparison 



 

 

is expected regarding the differences between media. In short, as it is now possible to 
judge the strength or weakness of opinion based on text collected in natural speech 
processing, it is also possible now to measure the distribution of opinion within society 
not in binary terms but as continuous distribution from positive to negative and neutral 
comments. 

 
 

3 Results  

In this section, as a simulation example, we show a simple calculation using 300~1000 
persons as new opinion dynamics theory. We assume that the connections form a com-
plete graph. Fig.1 shows the case of a trust relationship of 300~1000 people. This result 
implies consensus building. The trajectory of this view is presumed to be similar in 
principle to the simulation results of the original bounded trust model [3, 4, 5] on the 
left side of the Figure. 
 

 
Fig. 1.  Calculation result for N=300. The human network is assumed to be complete 
graph. The left is the trajectories of opinions. The right is the distribution of opinions at 
the final time of this calculation. Dij are set to be 0 to 1 randomly so that every person 
trust for everyone 

 
 
In Fig. 2 and Fig. 3, we show the result of simulation where positive Dij and negative 

Dij are mixed in half and half. In this case, we found that there is no consensus building. 
As we can see from the Fig. 2 and Fig. 3, the calculated results are very different form 
Fig.1 or results of the Bounded Confidence Model [3,4,5]. The case that negative Dij or 
distrust relation is included in the society, the consensus building seems to be impossi-
ble.   



 

 

 
Fig. 2. Calculation result for N=300. The human network is assumed to be complete 
graph. The left is the trajectories of opinions. The right is the distribution of opinions at 
the final time of this calculation. Dij are set to be -1 to 1 randomly so that every person 
trust or distrust for everyone 

 

 
Fig. 3. Calculation result for N=1000. The human network is assumed to be complete 
graph. The left is the trajectories of opinions. The right is the distribution of opinions at 
the final time of this calculation. Dij are set to be -1 to 1 randomly so that every person 
trust or distrust for everyone 

 
 In Fig. 4, we show opinion distribution of comments for TV news report(Youtube ver.) 
as an example of observed opinion distribution. As we can see in Fig. 3, observed opin-
ion distribution looks similar to Fig. 2, at least qualitatively. If the observed opinion 
distribution was consensus building feature, the observed distribution would be con-
sisted of a few sharp peaks like Fig. 1. The above calculation experiment is taken into 
consideration from the fact that the number of plays of major news media such as CNN 
is high. In the process we find that the opinion distribution observed at least qualita-
tively in the comments to YouTube's TV news report using natural language processing 
has a similar tendency to the opinion distribution calculated from the new opinion dy-
namics theory. At least, we found continuous opinion distribution like Fig. 2 or Fig. 3. 
The observed opinion distributions on comments to YouTube’s TV is similar to Fig. 4 
and we do not find the opinion distribution like Fig. 1 in a lot of actual observation of 
comments to YouTube’s TV news reports.   In the future, we think it is important to 
look at trends in social physics methods such as calculated results and opinion dynamics 
in machine learning. 

 



 

 

 

 
 

 Fig. 4. Distribution of negative, positive, and neutral comments in Case “200-pound 
ripped kangaroo crushes metal) (acquisition period 2015/6/5 to 2019/5/28; score range 
in each case: 0 to1) 

 
 
  As we can see the above, we obtain consensus building for 100% positive trust and 

we obtain no consensus building for 50% positive trust. We should determine what is 
the origin of the difference behavior on consensus building we showed above. In Fig. 
5, we show the opinion trajectories of 300 persons for different ratio of positive vs 
negative Dij. The positive ratio of Dij is 0.60, we found that the trajectory looks consen-
sus building. The positive ratio of Dij is 0.51, the opinion trajectory of 300 person seems 
to be non-consensus building. In Fig. 6, we show the opinion distributions for positive 
Dij ratio of 0.51 to 0.60. We found that the results seem to be consensus building like 
the Bounded Confidence Model for 0.56 to 0.60. Below 0.54, the calculated distribution 
looks non-consensus building.  

 
 Fig. 5. The opinion trajectories of 300 persons for positive coefficient ratio of Dij be-
tween 0.51 to 0.6 

 



 

 

 
 

 Fig. 6. The opinion distributions of 300 persons for positive coefficient ratio of Dij 
between 0.51 to 0.6 

 
  In Fig. 7, we show the maximum value of the calculated distribution as a function 

of the positive coefficient ratio of Dij. This plotting is similar to the plotting in ref.12. 
Below 0.53, the maximum values of the opinion distributions are nearly 20. However, 
the maximum values of the opinion distributions are over 120 for the positive coeffi-
cient values above 0.55. This means that the aspect of the distribution is different at 
0.55 or less, as in the phase transition. It is the phase transition between consensus 
building and the situation where consensus is not built where the order parameter for 
this phase transition is the ratio of positive Dij.  

   As we set the network of the people as complete graph, the phase transition behav-
ior can be changed for different network structure. We have confirmed that we can 
observe such phase transition like behavior for random networks where ratio of the link 
is not low, but at least at the moment we can not find such phase transition like behavior 
for scale-free networks. In our present calculation, we assume that people neglect opin-
ion of other person if his opinion is apart more than 5. The change of this value changes 
the number of peaks of the opinion distribution of consensus building as the previous 
Bounded Confidence Model [3,4,5] showed. Qualitatively, the phase transition behav-
ior is insensitive to the value.  

 

 
 

 
 Fig. 7. The maximum distribution value as a function of the positive coefficient ratio 
of Dij 

 



 

 

4 Discussion  

In this research, we examined how the aspect of opinion agreement changes depending 
on whether the credibility factor connecting people is positive or negative [6,7,8]. Using 
a new theory of opinion dynamics, it is clear from Fig. 1 that the limit in the case of all 
positive confidence coefficients connecting people is the Bounded Confidence Model 
[3,4,5]. In other words, consensus building is obtained when all people are linked by 
trust. On the other hand, we showed that the coefficient of trust connecting people does 
not reach consensus at all when the ratio of positive and negative is half. 
 Furthermore, it was found that changing the ratio of positive value and negative value 
of credibility factor between people changes the situation of consensus formation and 
non-consensus formation continuously. It is found that the state of consensus formation 
and the state where agreement is not formed changed rapidly like a phase transition as 
the ratio of trust relationship and distrust relationship is changed around 55%. In this 
study, the connection of 300 people is a complete graph. If the network structure is 
different like scale free network, the phase transition boundary may change from 55%. 
On the other hand, however, considering the necessary situation of practical consensus 
building, it is not necessary to have 100% trust of people to reach a consensus building. 
It is important that only 55% trust relationship is enough to get high probability of 
progressing to consensus building. 

5 Conclusion  

In this study, using the theory of opinion dynamics that incorporates both trust and 
distrust into human relationships, we have shown that the aspect of consensus building 
changes with the ratio of the trust and distrust coefficients. It is found that the ratio of 
the coefficient of confidence to distrust changes in phase transition per 55%. This 
means that it is sufficient for 55% of the connections between people to be trusting in 
order for society to reach consensus. 

6 Future Works  

Since the advent of the Web, both positive and negative aspects have gradually 
emerged. Nowadays, potential risks online and social issues in fake news are advocated 
worldwide. For example, it is possible to consider the case of contributing to the rec-
ommendation of the public opinion formation of the society and the news and opinion 
by a certain pattern learned by learning etc. In addition, it is thought that the collision 
between artificially generated opinion and spontaneous opinion becomes even more 
intense. From such point of view, there are the result of the fact check and the calcula-
tion result in the model by scoring the speech under the uniform condition. We  think 
that the study that will be reconsidered as a kind of social phenomenon will be further 
promoted.It is desirable to improve the understanding of media literacy regarding the 



 

 

transmission and reception of information online, because it is on an OSN for which 
international law has not been established.  
 
Acknowledgement This work was supported by JSPS KAKENHI Grant Number 
JP19K04881 and " R1 Leading Initiative for Excellent Young Researchers(LEADER)" 
based on Japan Society for the Promotion of Science(JSPS)． 

 

References 

1. Castellano, C., Fortunato, S. and Loreto, V.: Statistical physics of social dy-
namics, Reviews of Modern Physics 81, 591-646 (2009) 

2. Sîrbu, A., Loreto, V., Servedio, V.D.P., Tria, F. : Opinion Dynamics: Models, 
Extensions and External Effects. In: Loreto V. et al. (eds) Participatory Sens-
ing, Opinions and Collective Awareness. Understanding Complex Systems. 
Springer, Cham (2017) 

3. Deffuant, G., Neau, D., Amblard, F. and Weisbuch, G.: Mixing Beliefs among 
Interacting Agents. Advances in Complex Systems 3,  87-98, (2000) 

4. Weisbuch, G., Deffuant, G.,  Amblard, F. and Nadal, J. P.: Meet, Discuss and 
Segéregate!.  Complexity 7(3), 55-63, (2002) 

5. Hegselmann, R. and Krause, U. : Opinion Dynamics and Bounded Confidence 
Models, Analysis, and Simulation.  Journal of Artificial Society and Social 
Simulation 5, 1-33 (2002) 

6. Ishii A. and Kawahata, Y. : Opinion Dynamics Theory for Analysis of Consen-
sus Formation and Division of Opinion on the Internet. In: Proceedings of The 
22nd Asia Pacific Symposium on Intelligent and Evolutionary Systems, 71-76 
(2018). arXiv:1812.11845 [physics.soc-ph] 

7. Ishii A. : Opinion Dynamics Theory Considering Trust and Suspicion in Hu-
man Relations. In: Morais D., Carreras A., de Almeida A., Vetschera R. (eds) 
Group Decision and Negotiation: Behavior, Models, and Support. GDN 2019. 
Lecture Notes in Business Information Processing 351, Springer, Cham 193-
204 (2019)  

8. Ishii A. and Kawahata, Y. : Opinion dynamics theory considering interpersonal 
relationship of trust and distrust and media effects. In: The 33rd Annual Con-
ference of the Japanese Society for Artificial Intelligence 33. JSAI2019 2F3-
OS-5a-05 (2019) 

9. Agarwal, A, Xie, B., Vovsha, I., Rambow, O. and Passonneau, R. : Sentiment 
analysis of twitter data. In: Proceedings of the workshop on languages in social 
media. Association for Computational Linguistics 30-38 (2011) 

10. Siersdorfer, S., Chelaru, S. and Nejdl, W. : How useful are your comments?: 
analyzing and predicting youtube comments and comment ratings. In: Proceed-
ings of the 19th international conference on World wide web. 891-900 (2010) 

11. Wilson, T., Wiebe, J., Hoffmann, P. : Recognizing contextual polarity in 
phrase-level sentiment analysis. In: Proceedings of the conference on human 



 

 

language technology and empirical methods in natural language processing 
347-354, (2005) 

12. Sasahara, H., Chen, W., H Peng, H., Ciampaglia, G. L., Flammini, A. and 
Menczer, F. : On the Inevitability of Online Echo Chambers, arXiv: 
1905.03919v2 (2020)  

 


