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ABSTRACT 
New opinion dynamics theory is presented where both trust and 
distrust are included in interpersonal relationship. Using this 
theory, we do not obtain consensus building if half of the human 
relationship are distrust. We also try to measure opinion 
distribution to compare with obtained opinion distribution 
obtained by this theory using the data of comments to news 
program on YouTube 
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1 Introduction 
OSN (online social networks) have developed rapidly since 2009. 
Even individuals with cognitive and spatiotemporal limitations 
can actively exchange opinions with primary and secondary 
comments on OSN posts. A variety of exchanges and 
communication occurs even without prerequisite information 
(the other party’s gender, appearance or tone of voice) of 
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traditional forms of communications that do not involve 
exchanges of personal information. Given this process, OSN can 
sometimes degenerate into a breeding ground for the disputes 
and criminal activity that pervade society as a whole. In 
particular, in social environmental systems that involve 
maintaining a foundation on which life log data can be acquired, 
an online pseudo society produced by public networks involves 
similarities to those of broader society.  In that sense, research in 
the field of web science, which is tasked with understanding the 
mechanisms of social phenomena, and which have been difficult 
to visualize and quantify since the sudden diffusion of public 
networks, has been growing rapidly.[1, 2] R&D that connects 
these disciplines to social implementation has also been 
proposed as one of these computational social science fields with 
gradual progress made in this area. With the R&D processes 
noted above, data are processed so that the featured quantity can 
be extracted in a statistically meaningful matter. Data are then 
formed with cases of data modeling carried out via machine 
learning and similar processes. It is possible to automatically 
provide this via public networks, APIs and the like in the form of 
everything from personalized opinions, such as recommendation 
functions, to the aggregate opinions formed by our daily online 
activity. These constitute the utilization of the results of 
formation of an online consensus.  However, not all aspects of 
the global penetration of public networks and social 
environmental systems are positive. Beginning in 2019, we will 
increasingly be transformed into a society where information 
exchanges, decision-making and consensus building transcend 
various restrictions. This is particularly true now, when public 
opinion is formed out of the reverberations of the echo chamber 
of unconscious consensus building, and populism and 
propaganda are rampant. 

As noted frequently in the news, books and similar media, the 
clash of extreme opinions expressed online leads to increased 
social risks in everyday life. We can even view the recent 
“yellow vest” and “red scarf” demonstrations of Paris, France in 
real time on YouTube. [3] A country’s norms and laws, and the 
deviation of these from its citizens’ opinions can now be seen 
live online in third party countries. Moreover, with allegations of 
tensions between countries, YouTube, Facebook and similar 
online media are growing in popularity.  Online exchanges 
remain part of the public record, and an era where the media 
literacy of third parties will be even more important is quickly 
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approaching. It is possible to analyze opinion exchanges by 
analyzing online logs. The process of exchanging opinions and 
using this to form intent is a research field known as opinion 
dynamics. 

A theory for analyzing the processes that aim at reaching 
agreement within society (or within a small group), opinion 
dynamics has been studied from various perspectives for many 
years. [4, 5, 6, 7, 8, 9] Attempts have also been made to apply 
game theory, [10] which is a kind of opinion dynamics, to 
agreements as well. One can also refer to comprehensive reports 
on opinion dynamics theory. [11] However, to analyze opinion 
exchanges remaining in the vast log data of modern society, it 
goes without saying that what is needed is a theory that can be 
used for quantitative analysis focused on integration with 
analysis for large-scale data. 

Theories of opinion dynamics suitable for quantitative 
analysis can be broken down roughly into two types.  One 
method involves a theory that treats contradictory conditions 
and discrete opinions as 1 and 0, or 1 and -1. Because 
presidential elections in the US and France, and national voting 
as seen with Brexit and the like involve voting where there is 
one clear winner, it is easy to apply this binary theory to such 
cases. The other method involves a theory that considers opinion 
as a one-dimensional (or multidimensional) continuous value. 
Consensus building and similar phenomena are often thought of 
in this way. 

The representative example of discrete binary theory is the 
theory that applies the Ising model of Galam's magnetic physics 
theory. [12, 13, 14] In this theory, each person’s opinion can be 
represented by Ii, with interaction by opinion exchange 
expressed as. 

 
Let’s say that this involves social conflict, not energy.  

Because the dynamics of society act to restrict conflict, in the 
case of this formula, when J>0, conflict is decreased when one 
shares the opinions of one’s peers. 

Moreover, a local majority decision model using the concept 
of renormalization groups from theoretical physics is also 
binary, consisting of approval and disapproval. [15, 16] Utilizing 
this theory, Galam published a study on the analysis of the 
referendum of Britain's EU withdrawal (BREXIT) [17] and the 
election of US President Trump. [18] 

Meanwhile, representative examples of the theory of opinions 
as consecutive values include the Deffuant-Weisbuch Model and 
the Bounded Confidence Model known as the Heselmann-Krause 
Model. [19, 20, 21] Although there have been attempts to deal 
with bipolarization resulting from conflicting opinions as an 
expansion of the Deffuant-Weisbuch Model, [22, 23, 24] the 
Hegselmann-Krause Model considers only consensus building. 
Opinions take continuous values from 0 to 1, but it is worth 
noting that 1 denotes agreement and 0 indifference; there is no 
assumption of a dissenting opinion. In the extension of the 
Deffuant-Weisbuch Model, [22, 23, 24] the manner in which N 
persons reciprocate each other’s influence is constant, with this 

determined by the degree of disagreement between each other 
and no evidence of such elements as each person’s inherently 
unique trust or distrust. 

2 Theory 
Our mathematical model marks a departure from typical 
bounded confidence models [19] representative of the theory 
that considers opinions as continuous values. Assuming a person 
of N persons, with 1 ≤ i ≤ N at time t, we denote the opinion of 
agent i as Ii(t). According to the theory of Hegselmann-Krause, 
[19] the opinion of agent i is defined as follows. 

 
This can be written in differential form as 

 
Here, the value range for Ii (t) is 0 ≤ Ii (t) ≤ + ∞.  In the 

Hegselmann-Krause theory, for all combinations i and j of N 
persons, this is the coefficient Dij ≥ 0. With their definition, Dij ≥ 
0 indicates that the opinion of agent i is not affected by the 
opinion of agent j. Nevertheless, this Hegselmann-Krause theory 
allows for the formation of consensus between people with 
strong opinions, and those who were indifferent. 

With the present method, we hypothesize that there are 
almost no cases of conflict not existing among people in real 
society. In order to examine the influence of exchanges of 
opinions in society more generally, we [looked at] not only at 
cases where everyone agreed, but also at conflicts among people, 
feeling that it would be normal for conflicts to exist. We 
therefore looked at the theory of conflict adopted by Ishii-
Kawabata. [25] In the Ishii - Kawabata theory, the opinion of 
each member of society Ii (t) is influenced by the opinions of 
others and is also assumed to be influenced by mass media A (t), 
taking on the following form. 

 
Here coefficient Dij is the degree of reliability that agent i 

perceives with regards to agent j. As a mathematical expression, 
it can be understood as a straightforward expansion of the 
Hegelmann-Krause theory. With the Ishii-Kawabata theory, [25] 
regardless of whether opinions are the same or differ, this is not 
0 ≤ Ii (t) ≤ + ∞ in the Bounded Confidence Model; rather, the 
value range of Ii (t) is extended to 0 ≤ Ii (t) ≤ + ∞, and it is 
assumed that positive values and negative values correspond to 
agreement and disagreement, respectively. 

Moreover, let’s assume that the coefficient Dij that defines 
what kind of influence is exerted when people exchange 
opinions represents trust and distrust between individuals. That 
is, if Dij>0, it is felt that agent i trusts agent j, while if Dij<0, the 
idea is that agent i does not trust agent j. Moreover, the 
coefficient Dij is asymmetric, with it possible for agent i’s 
trust/distrust of agent j and agent j s trust/distrust of agent i to 
have different values, one of which is positive and the other 
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negative. It is conceivable that this would be sufficiently realistic 
in human relations. 

Since the coefficient Dij indicates whether agent i finds agent 
j trustworthy, if agent i is not acquainted with agent j, Dij=0. In 
other words, the network structure of interpersonal relationships 
is included. However, in this paper, for the sake of simplicity, we 
make our calculations assuming a complete graph where all 
agents know all other agents. Of course, it is also possible to 
apply a scale free network or small world network to the 
coefficient Dij rather than a complete graph. 

The Ishii-Kawabata theory [25] previously mentioned has a 
disadvantage in that conformity or conflict progresses infinitely 
over time. For example, when agent A and agent B disagree, the 
opinions of both, which the other party strongly disagrees with, 
diverge to positive and negative infinity.  Even without 
comparing this to observations, we know this to be irrational. In 
fact, it is hypothesized that they will ignore each other if their 
opinions differ too much.  Moreover, as another disadvantage, 
let’s also consider aspects that resonate with people who hold 
the same opinions as one’s self. When agent A and agent B have 
exactly the same opinion, the Ishii-Kawabata theory [25] holds 
that both person’s opinions will gradually dissipate in the 
direction of positive (or negative) opinion. In fact, if both sides 
hold the same opinion, this has merits for each, as it is assumed 
nothing will come up to cause confrontation between the two. 
Therefore, by changing DijIj (t) in formula (3) as follows, 
modification of Ishii, which introduced the two insufficient 
effects noted above, was proposed. [26] 

 
Where 

 
Here, Φ (Ii, Ij) is a function that smoothly performs cutoff in 

the vicinity of |Ii - Ij| = b. This is the same functional form as the 
Fermi distribution function in statistical physics. What’s more, 
there is also the influence of the fact that, due to Ij (t) −Ii (t), Ii (t) 
is not influenced by Ii (t), which is the same opinion as one’s self. 
The information of originators (administrative and public 
agencies, etc.), who form the framework of society and 
broadcasts of the mass media, is propagated by smartphone and 
similar devices regardless of whether it originates with the mass 
media or is personal in nature with recognition spreading 
throughout society. With regards to information thusly 
recognized, the phenomenon by which people’s opinions are 
influenced is also important as a general opinion dynamic for 
society.  In the theories presented in this paper, the influences of 
the media according to past research [27, 28] have been adopted. 
[25, 26]. We treat A (t) as information gained from the media at 
time t and add coefficients ci in consideration of the possibility 
that this may be different for each person. In other words, 
coefficient ci includes the effects of each agent being influenced 
differently by the media. If coefficient ci is positive, agent i 
changes his or her opinion as a result of information received 
from the media and, conversely, if coefficient ci is negative, this 

means that agent i does not accept information from the media 
in changing his or her opinion.   

Finally, the following equation is used in this paper’s 
calculations. 

 
Because actual social media data is not in continuous time, if 

we consider this daily, or hourly, the form of incremental 
difference will appear as follows. 

 
Here Dij and Dji are independent; usually Dij is an asymmetric 

matrix and Dij  ̸ = Dji. Below a numerical calculation is made 
using this equation. If you consider long-term trends, there is 
also the effect of people’s interest waning as the matter itself 
ceases to be novel. If we express the attenuation of this interest 
as an exponential function, we get the following. 

 
Therefore, the change in opinion of the agent i can be 

expressed as follows [7]. 

 
In the above equation, m is the strength of will for the person 

“i”. For large m, opinion is not affected by opinions of the other 
people. 

We show a simple calculation using Ishii theory for 300 
persons. We assume that the connection of 300 persons form 
complete graph. The case of the trust relationship among 300 
persons is shown in Fig. 1. This result means the consensus 
building. This opinion trajectory showed the left side of the 
figure is, in principle, very similar to the simulation results of the 
original Bounded Confidence Model [19,20,21]. 

 

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 trusts for everyone. 
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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. 

In Fig. 2, 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 are no consensus building. As we can see from the 
figures, the calculated results are very different. The negative Dij 
or distrust relation is included in the society, the consensus 
building seems to be impossible.   

As Ishii-Kawahata [34] is shown that the aspect of consensus 
building changes with the ratio of the trust and distrust 
coefficients. According to the study [34], the ratio of the positive 
value of the coefficient of confidence changes just like phase 
transition near the positive value ratio of 55%. This means that it 
is sufficient for 55% of the connections between people to be 
trusting in order for society to reach consensus. 

3 Results 
Let’s now turn our attention to example computations of this 
new opinion dynamics theory.  The calculation examples are for 
two and three people and there is also a multi-person example 
computation for 300 individuals. 

3.1 Two persons 
Let’s begin by making some calculations for the two-person case. 
Let’s refer to these two as A and B.  If we establish coefficients 
DAB> 0 and DBA> 0, the calculation results (Fig. 3) show us that 
the opinion of the two shifts so as to converge at a middle point 
between the original opinions of each. This result seems natural 
when considering the situation where friends who trust one 
another are exchanging opinions. After agreement is reached, 
the opinions move slightly in the positive direction as a result of 
the influence of mass media, which is expressed as Adv=0.5. 

 

Fig. 3: Calculations when N=2. Adv= 0.5, DAB = 1.0, DBA = 
0.5. Initial values were IA(0) = 0.005, IB(0) = 0.2. 

 

Fig. 4: Calculations when N=2. Adv= 0.5, DAB = -2.0, DBA = -
2.0. Initial values were IA(0) = 0.005, IB(0) = 0.2. 

Let’s now turn our attention to the case where two people do 
not trust each other.  The coefficients are set as DAB< 0 and DBA< 
0. As indicated in Fig. 4, although the two do not get along in 
this case, if their opinions are somewhat distant, it is inferred 
that the two will ignore each other, and thus there will be no 
effect. 

Regarding elements of the above, these have been greatly 
improved from [those of] the Ishii-Kawabata paper [25] and 
seem more realistic.    

3.2 Three persons 
Let’s now consider the three-person example. In this case as 
well, we use Equation (8) and consider this as a coalition of three 
people. Here, the three people consist of the three agents A, B 
and C, where we’ll assume that A and B do not trust each other 
or get along, but that both trust agent C.  In other words, C 
becomes the intermediary between A and B, who do not get 
along. Fig. 5 shows computation results. When the confidence of 
A and B with respect to C (coefficient DAC, DBC values) is largely 
positive, we can see how A and B, who were antagonistic, 
converge to agreement with C. It is inferred that this 
corresponds to daily life, where mediators help smooth out 
conflicts between opposing parties by gaining the trust of each 
party. 

 

Fig. 5: Calculations for three persons. Adv= 0.005, b=5., β = 
1.0, DAB = -2.0, DAC= 5.0, DBA = -2.0, DBC = 5.0, DCA = 1.0, 
DCB = 1.0. Initial values were IA(0) = 0.5, IB(0) = -0.5, IC(0) 
=0.2. 

Moreover, given this calculation, in the case where, even 
though the mediator is somewhat trusted, there are not 
overwhelmingly strong values, although the two conflicting 
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parties do come to compromise as shown in Fig. 5, we can also 
infer that it may also take a considerable amount of time for the 
mediation effort to bear fruit. 

Citing an actual case using the above, in terms of modern 
history, the assumption is that the role of the late Nelson 
Mandela, who became the President of South Africa after racially 
discriminatory laws were rescinded, was similar to that of C.  
Mandela did not adopt a policy of black domination after racially 
discriminatory laws were abolished, instead opting for a policy 
of appeasement that treated blacks and whites equally. He was 
ultimately successful in unifying South Africa. 

3.3 300 persons 
Next, let’s look at these calculations when we increase the 
number of people to 300.  There was no specific reason we 
decided on 300 people, other than that we wanted to get a 
satisfactory distribution of opinions.  For the calculations, all 
coefficients Dij are determined by random numbers from -1 to 1. 
The results are shown as the example in Fig. 5. The figure on the 
left shows the trajectory of 300 opinions over time, with the 
color of the blue line changed to make the locus of one person in 
an arbitrary extraction easier to understand. The figure on the 
right is the distribution of opinions calculated from this 
simulated calculation at the final point of the computation.  We 
chose to run these calculations on 300 people because we wanted 
to calculate the distribution of opinions. 

Looking at this calculation, we can see that, beginning at a 
certain time, the distribution obtained by Equation (8) remains 
within a finite range. Moreover, if we look at the trajectory of a 
single person depicted by the blue line arbitrarily extracted, we 
see that this person is swayed by others’ opinions. However, the 
range of this change is not very large. 

 

Fig. 6: Calculations for 300 people 

3.4 Charismatic persons 
Here, we consider a charismatic person. We assume that the 
charismatic person high trust from everyone. In fig. 7, we show 
examples of the calculation including one charismatic person. 

As you can see in Fig. 7, there are many people who have 
similar opinions to that of the charismatic person. In this 
calculation, the strength of the will of the charismatic person is 
the same as the everyone, so that the trajectory is fluctuated like 
trajectories of ordinary people. This can be said that this person's 
popularity as it is. 

If we set more than one charismatic person, we can simulate 
the simulation of political elections using this new opinion 
dynamics theory. 

 

Fig. 7: Calculation result for N=300. The human network is 
assumed to be complete graph. The upper is the 
trajectories of opinions. The lower is the distribution of 
opinions at the final of this calculation. Dij are set to be -1 
to 1 randomly so that every person trust or distrust for 
everyone. One person (blue line) is set to be charismatic 
person. Dij for the charismatic person from everyone is set 
to be 2, 3 and 5. The arrow means the position of the 
opinion of the charismatic person. 

4 Measurements of the Distribution of 
Opinions 

4.1 Selected data 
Let’s now discuss what kind of data related to opinions 
regarding information disseminated by the media was acquired. 
Presently, extensive research is being carried out on natural 
language processing resulting from the extension of the 
classification method in machine learning and data enhancement 
that forms the basis for dictionary and learning data. [29, 30, 31, 
32] In other words, it is now possible to judge the strength of 
opinion from the text collected by natural language processing, 
so the distribution of opinions in society need not be limited to 
binary opinions, but rather, can be measured as a continuous 
distribution from positive statements to negative and neutral 
ones. For the present research, with all of the restrictions on data 
acquisition by various world media, we chose YouTube. Twitter, 
Facebook and various other OSN can distribute video in real 
time, but leading TV stations and newspapers also release 
fragments of news coverage on YouTube. Another characteristic 
of YouTube is that it delivers these in real time. We also 
hypothesized that it would be possible to consider the content of 
distribution in news media in each country, difference in 
reporting on the same news story and consideration for the 
distribution of opinions regarding differences amongst users 
who are likely to comment [on the news].  In addition, in order 
to grasp the strength or weakness of an opinion under the same 
conditions, here we limited our investigation to news videos on 
channels based on English-language dictionary data. This is 
because Japanese-language data also includes difficult elements 
such as determining whether “net slang” is positive, negative or 
neutral. 
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While cases related to the language used in comments most 
certainly exist on YouTube as well, its footage is released to the 
world, with analysis carried out based on the hypotheses that 
comparisons related to differences by media are expected, and 
that even with the same press coverage, there are parts that are 
similar to TV broadcasts in that they vary depending on 
reporting techniques, and how they are received by the media.    

4.2 Obtaining data 
The main channel targeted for [data] acquisition was CNN.  For 
Case A, the period for obtaining comments was from 07/06/2009 
until 02/13/2019, while for Case B, this period continued from 
04/06/2017 through 02/13/2019. With the present research, as a 
trial, we made our hypothesis using highly emotive content, 
collecting comments from “Statement” queries that included 
many video selections and views, with processing carried out so 
that when negative, positive and neutral scores for each 
comment were added up, they equaled 1. The score in each of the 
three axes was defined by the range of [-1.0, -0.75, -0.5, -0.25, 0, 
0.25, 0.5, 0.75, 1.0]. Here, when considering distribution, we 
omitted the biased scores of -1, 0 and 1 prior to processing. 

For input data, we used NLTK (Natural Language Toolkit). 
[33] We extracted the featured volume for each comment on the 
videos, and finally output the negative, positive and neutral 
scores for all comments on the videos to three axes. Also, when 
capturing the scores of negative, positive and neutral axes by 
unified distribution, we added 1 to the score for positive 
opinions, while for negative opinions, we converted the original 
score to a negative number, and for neutral opinions, adopted a 
method that involved converting to a -1 2 scale without adding 
anything. 

4.3 Measuring the Distribution of Opinions 
In this paper, we focused on the distribution of opinions on 
comments, narrowing down searches for “Statement” queries to 
content concerning arguments/assertions regarding national 
affairs with many views. 

Here, we show actual measurements of opinion distribution 
gained from comments on YouTube regarding three cases: Case 
A “Congressman Mike Rogers’ opening statement on Health 
Care reform in Washington D.C.,” Case B  “Statement by 
President Trump on Syria” and Case C “Dave Chappelle Updates 
His ‘Give Trump A Chance’ Statement.” 

 

Fig. 8: Distribution of negative, positive and neutral 
[responses] (each score range: 0 to 1) to comments (cases) 
in Case A   

 

Fig. 9: Distribution when consolidating negative, positive 
and neutral [responses] (score range: -1 2) to comments in 
Case A   

 

Fig. 10: Distribution of negative, positive and neutral 
[responses] (each score range: 0 to 1) to comments (cases) 
in Case B    

 

Fig. 11: Distribution when consolidating negative, positive 
and neutral [responses] (score range: -1 2) to comments in 
Case B   
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Fig. 12: Distribution of negative, positive and neutral 
[responses] (each score range: 0 to 1) to comments (cases) 
in Case C   

 

Fig. 13 Distribution when consolidating negative, positive 
and neutral [responses] (score range: -1 2) to comments in 
Case C 

4.4 Results 
Cases A, B and C are all related to government affairs. Case A 
concerns health care in the US. There is a tendency for 
confrontation, with negative comments and positive comments 
aimed at the claimant or social circumstances of the claim to be 
assumed, and where the assumption that there were more 
neutral opinions than positive ones being hard to believe once 
actual opinions are collected. With regards to Case B, this 
involved a statement by the current US president concerning 
military leadership calling for sanctions against countries that 
have used weapons of mass destruction. This statement consisted 
of a call to the world for all parties to put aside their differences 
and work together to bring about peace so as to put an end to 
genocide and eradicate all forms of terrorism. When compared to 
Case A, there was tendency for negative comments and positive 
comments to be consolidated into neutral opinions regarding 
this statement. Case C consists of comments by third parties in 
the media regarding national politics. This was a review of 
election results made by a prominent commentator in November 
2016. Regarding this review, phrases used in a symbolic video 
that could be interpreted both negatively and positively were 
also actively commented on. As in Case B, negative and positive 
comments could be observed as being consolidated into neutral 
opinions. However, amongst these comments, a variety of 
content was criticized as funny but unrelated to the video, 
comments indicating excessively positive campaigns (in support 
of extremely catchiness, etc.) for politicians, and even reviews of 
commentators. Given such various tendencies, compared to 
other cases, we observed a tendency for distribution to be finely 
scattered. The inference is that allegations made in speeches by 
third and external parties concerning government efforts that 
form the framework for society tend to produce a variety of 

criticisms. The culture of browsing and referring to sites where 
discussions result from the exchange of comments by users who 
view video was evident in Cases A and C, with the tendency for 
a certain amount of opinion consolidation an element that will 
need to be considered in future cases. With the research, we 
carried out a trial simulation related to the structure of the 
formation of social consensus from score distribution after 
natural language processing of comments and to the differences 
in simulation results. Moving forward, in order to advance 
research in this direction, even though the processing of 
positive, neutral and negative points is one issue, we also invite 
you to consider actual measurement and simulation results. 

5 Discussions 
It seems that the result of the calculation of 2 and 3 is a plausible 
calculation result. In the case of the same opinion it converges to 
the middle of the opinions of the two people and in the case of 
different opinion they disregard each other In addition, if there is 
a mediator as the third person, it is the point that the strong 
trust is given from both by the person, and very strong trust is 
gotten In the case, the calculation result that the opinions of 
three people converged was obtained. 

Moreover, it seems that opinion distribution seems to be 
divided into several clusters when calculating with 300 people. 
Whether it is inevitably divided this theory is still unknown, but 
at least it is easy to form a cluster We know that. 

In the case that there are some existing people who can 
receive strong trust from all others charismatically, the opinion 
distribution gathers around the opinion of that person, but even 
so it is not everyone but a part, even with so strong charisma 
this theory It seems that only some people gather in the forecast. 
This charismatic person can be supposed to be a powerful 
politician, but it is possible for people who strongly insist on 
opinion or who are famous in the area, or it may be possible to 
imagine a person known by the mass media. 

6 Conclusion 
As a charisma, We consider people with strong trust from all 
others as a spreader of information (such as a mass media) in 
various OSNs, as a case, the diffusion of information that 
requires social publicity How to devise the flow of · Who · can be 
applied to spreading to any media. The spiritual foundation that 
supports the lives of people is from the mass media that is 
transmitted, there are many that can be enjoyed and enjoyed 
personal. In addition, information on risk management related to 
crisis management of individual individuals is also implemented 
by device such as J alert. 

In this way, it is thought that this theory can be applied 
variously depending on how to set up and what kind of aspect to 
calculate. With quantitative understanding of the tendency of 
collective consensus formation in OSN, place and time · I believe 
that It will contribute to supporting society and public places 
beyond distance. 

We would like to consider a wide range of applications 
ranging from political science and sociology to economics, such 
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as how society responds to politicians' behavior and incidents 
from the formation of consensus in the region, or how society 
responds to charismatic existence. 
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