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As a method of analyzing and predicting social phenomena using social media as data,

we present analyses based on the mathematical model of the hit phenomenon, which

is one of the established models of sociophysics. The dynamics of the number of social

media posts for movies, events, and a YouTube movie are explained. For entertainment

topics, the direct communication strength, “D,” indicates the satisfaction of the current

interested people or supporters, whereas the indirect communication strength, “P,”

indicates the power to acquire a new support layer. Thus, this is effective not only for

the analysis of entertainment and marketing strategy but also for burst analysis on the

social media.

Keywords: social media, blog, Twitter, advertisement, popularity, mathematical model of the hit phenomena,
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INTRODUCTION

In the present age, where consumer behavior remains on record through the internet, the purchase
and action records of numerous consumers are available. Analyses reveal that there are many
cases, where it is possible to incorporate natural science methodology, such as physics, apart
from conventional social science. Therefore, sociophysics, which studies society using physics, has
developed significantly, of late [1, 2]. In this paper, we present certain results based on sociophysics
for analyzing and forecasting social phenomena, and the possibility of applying it for marketing,
etc., using the voice of the society recorded in blogs and Twitter as data. Sociophysics is a new
frontier of physics alongside economic physics; however, if vast amounts of data are available, the
methodology of physics that has been the subject of experimental data on natural phenomena can
also be applied to social science. Nowadays, we can use the vast stock of digital data on human
communication as the observation data of real society [3–6]. Therefore, sociophysics is progressing
rapidly.

As a sociophysics theory for analyzing society based on social media writing, a mathematical
model for the hit phenomenon has been developed by Ishii et al. [7]. Here, mathematical equation
inspired from physics are used to explain people’s interest due to the influence of advertisement
and communication with other people. Ishii et al. [7] utilized the effects of advertisement and
verbal communication to form a model that successfully predicted the outcome of each film, which
was screened. For the analysis of the film market in marketing science, although several researches
use regression analysis [8–15], it is very difficult to analyze the dynamics of consumers, using this
analysis.
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Ishii and Kawahata Analysis of Dynamics of Peoples’ Interests

In the mathematical theory of the hit phenomenon, the effect
of advertisement and the propagation of reputation and rumors
by human communication are incorporated into the statistical
physics of human dynamics. The propagation of information,
reputation, and rumors has been studied in several works. For
example, the SIR model is a simple mathematical model for
epidemics [16], which is applicable not only to the spread of
infectious diseases but also to the spread of information. The
equations of the SIR model are as follows:

dS

dt
= −βS (t) I (t) ,

dI

dt
= βS (t) I (t) − γ I (t) ,

dR

dt
= γI (t) ,

where, S is the number of susceptible, I is the number of
infectious, and R is the recovered individuals. In the case of
information spread, S indicates the non-adopters, I are the
contagious adopters, and R are the non-contagious adopters.

The other famous model for the spread of information is the
Bass model [17, 18]. The equation of the Bass model is as follows:

dN(t)

dt
= a

(

m− N(t)
)

+ b
(

m− N(t)
)

N(t),

where m is the total number of people and N(t) is the number
of adopters. The first term of the equation indicates a constant
propensity to adopt, independent of the number of customers,
who have adopted the innovation before time, t. The second term
is proportional to the number of customers, who have already
adopted the innovation by t; this term represents the extent of
favorable exchange of word-of-mouth (WOM) communication
between the innovators and the other adopters of the new
product.

There are several problems in the above two models. In the
SIR model, the spread of information is assumed to happen as
communication between an adopter and non-adopter, and the
mass media effects are not included. Moreover, the exchange
of WOM communication is assumed to be proportional to the
number of adopters. In the Bass model, it is assumed that once
a consumer adopts a new product, he influences other non-
adopters to adopt the product at all later times. In order to
overcome these disadvantages, the Bass-SIRmodel was presented
[19].

Another similar mathematical model for calculating the
spread of information is the opinion dynamics model by Galam
[1] based on the Ising model of statistical physics. It is considered
that accumulation of the opinions of individuals (agents) is
similar to the mathematical model of the hit phenomenon,
considering the interaction between people. In Galam’s opinion
dynamics model, a variable, ci = ±1, represents the choice of
agents, I, with Yes= 1 and No=−1. Galam expressed the group
conflict function, G, as

G = J
∑

i,j

cicj + S
∑

i

ci +
∑

i

Sici,

where the first term corresponds to the direct communication
between people and the second to the external field effect. The
third term can correspond to more complex communication.
This model is applied to the modern politics [20].

Our approach is different. Here, we use the mathematical
model of the hit phenomenon [7], where the intention of people
for a certain topic is calculated. In this model, the calculated
intention is not on/off. Thus, the value of the intention in
the mathematical model of the hit phenomena has no upper
limit. The upper-limit value of the intentions of N people
is not N. On the contrary, for the SIR model, the Bass
model, or the model of Galam, the calculated value of each
person is on/off or in-between on and off; the upper limit
is unity and is N for N persons. Hence, in the mathematical
model of the hit phenomenon, the calculated intention of an
adopter can increase to a very large value far beyond unity,
depending on mass media advertisement and communication,
although the upper limit of each adopter is unity for the
SIR model, Bass model, and the opinion dynamics model of
Galam.

The target of the mathematical model of the hit phenomenon
is the “hits” phenomenon. The hits on social media are
similar to the burst phenomenon, which is found to evolve
through non-Poissonian dynamics [21]. The similarity between
the burst and hit phenomena is that specific topics that
are referred to widely, occur frequently in the social media.
The difference is that the burst phenomenon is spontaneous,
whereas the hit phenomenon is artificially drawn. Nonetheless,
the hit and burst phenomena are similar, and the study of
the hit phenomenon is useful for the research of the burst
phenomenon.

There many investigations on the hit phenomenon, other
than our works [22–34]. In contrast to other works on the
hit pheonomenon, in our model, the effect of advertisements,
and the propagation of reputation and rumors by human
communication are incorporated into the statistical physics of
human dynamics. The mathematical model has been applied
to the motion picture business in the Japanese market, and
the calculations have been compared to the reported revenue
and observed number of blog posts for each film. Furthermore,
in several recent papers, it has been shown that the theory is
not only applicable to the box office, but also to other social
entertainment, such as local events [35], animated dramas on TV
[36], the “general election” of the Japanese girl-group, AKB48
[37], online music [38], plays [39], music concerts [40, 41],
Japanese stage actors [42], Kabuki players of the nineteenth
century [43], and TV drama [44]. In these works, an extended
mathematical theory of the hit phenomena was used to apply
the model to general entertainment in society. Thus, it is very
natural to use this theory for the prediction of the motion picture
business.

In this paper, after screening a movie/ drama and expanding
the topic of the social incident using the mathematical model of
the hit phenomenon, which is modified slightly from the original
model of Ishii et al. [7], we analyze the result of the mathematical
model of the hit phenomenon for the analysis and prediction of
social dynamics.
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THEORY

Mathematical Model of the Hit
Phenomenon
The mathematical model of the hit phenomenon within a society
is presented as a stochastic process of the interaction of human
dynamics as in the many-body theory in physics [7]. In this
model, we assume that the intentions of humans in society are
affected by three mechanisms: advertisement, communication
with friends, and rumor. Advertisements are the external forces
for each person in society. Communication with friends is
called the direct communication effect and is considered as
interaction with the intentions of friends. The rumor effect is
considered as interaction among three persons and called indirect
communication, as described in Galam [1]. In the model, we
use only the time distribution of the advertisement budget as
the input, and the WOM represented by posts on social network
systems (SNS) is used as the observed data for comparison with
the calculated results. The parameters in the model are adjusted
in comparison with the calculation and observed SNS posting
data.

Here, we introduce the intention of a person, “i,” as Ii (t) ,
where this quantity is assumed to be a real number and
proportional to the number of posting in a blog or Twitter.
Although Ii(t) itself is not expected to be measured directly
in experiments or in social media analysis, we expect that it
to be proportional to the number of postings on the internet.
According to Ishii et al. [7], we express the equation of the
intention of each person using the exponential form as

dIi (t)

dt
= −aIi (t) +

∑

j

DijIj (t) +
∑

j

∑

k

PijkIj (t) Ik (t) + fi (t),

(1)
where Dij, Pijk, and fi(t) are the coefficient of direct
communication, coefficient of indirect communication, and
the random external force effect for a person, i, respectively.
As we consider the above equation for every consumer, i =
1, . . . , Np. Considering the effect of direct communication,
indirect communication, and the decline of the audience, we
obtain the above equation for the mathematical model of the hit
phenomenon. The advertisement and publicity effect for each
person can be described as the mean field value of the random
external force effect, <fi(t)>. Here, it is assumed that people’s
height of interest, I (t), attenuates exponentially. Although
this is known to occur in movies and as mentioned in Allsop
et al. [3], attention to events and anniversaries is known to
attenuate as per the power function [45, 46]. In the case of social
interest, we attenuate the intermediate between the exponential
and power functions [47], but here we adopt exponential
decay.

Generally, information spreads through WOM, which
sometimes has a significant effect on the spread of topics.
The WOM effect can be distinguished into two types: WOM
direct from friends and indirect WOM as rumors. We call the
WOM effect between friends “direct communication” because
customers obtain information directly from their friends. In
previous marketing theories based on the Bass model [17, 18],

communication from the adopter to non-adopter alone are
generally are taken into account. Here, in this paper, we include
the communication between non-adopters, in addition. We
consider here that person, i, hears information from person,
j. The probability per unit time for the information to affect
the purchase intention of person, i , can be noted as DijIj (t),
where Ij (t) is the purchase intention of person, j , and Dij is the
coefficient of direct communication. Thus, we can describe the
effect of direct communication as follows:

N
∑

j=1

DijIj (t) ,

where the summation is done without j = i.
In this paper, the rumor is called indirect communication.

In this form of communication, a person hears a rumor while
chatting on the street, overhearing a conversation from the next
table in a restaurant or on a train, or finds the rumor in blogs
or on Twitter. To construct a mathematical model, we focus
on a person, who listens to a conversation happening around
him/her. We consider that person, i, overhears the conversation
between person, j, and person, k. The strength of the effect of
the conversation of j and k can be described as DjkIj (t) Ik (t).
The probability per unit time for the conversation between j
and k to affect the purchase intention of person, i, is defined as
QijkDjk

Ij (t) Ik (t) , where Qijk is the coefficient of indirect effect

to i. Thus, the indirect communication coefficient can be defined
as Pijk = QijkDjk.

Equation (1) is for individuals; however, it is not convenient
for analysis. Thus, we consider the ensemble average of the
purchase intention of individuals, as follows:

〈I (t)〉 =
1

N

∑

i

Ii (t). (2)

Considering the effect of direct and indirect communication, and
the decline of the audience, we obtain the above equation for the
mathematical model of the hit phenomenon. The advertisement
and publicity effect for each person can be described by the
random effect, fi(t).

For the ensemble average of Equation (1), we obtain for the
left-hand side,

〈
dIi (t)

dt
〉 =

1

N

∑

i

dIi (t)

dt
=

d

dt

(

1

N

∑

i

Ii (t)

)

=
d 〈I〉

dt
. (3)

For the right-hand side, the ensemble average of the first, second,
and third are as follows:

〈−aIi〉 = −a
1

N

∑

i

Ii (t) = −a 〈I (t)〉 , (4)

〈
∑

j

DijIj (t)〉 = 〈
∑

j

DIj (t)〉 =
1

N

∑

i

∑

j

DIj (t)

=
∑

i

D
1

N

∑

j

Ij (t) = ND 〈I (t)〉, (5)
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〈
∑

j

∑

k

PijkIj (t) Ik (t)〉 = 〈P
∑

j

∑

k

Ij (t) Ik (t)〉

=
1

N

∑

i

P
∑

j

∑

k

Ij (t) Ik (t)

=
∑

i

P
1

N

∑

j

∑

k

Ij (t) Ik (t)

= NP
∑

i

1

N

∑

j

Ij (t)
1

N

∑

k

Ik (t)

= N2P 〈I (t)〉2 , (6)

where we assume that the coefficients of the direct and indirect
communication can be approximated by

Dij
∼= D,

PijkDjk = pijk ∼= P

under the ensemble average.
For the fourth term, which is the random effect term, we

consider that the random effect can be divided into two parts:
the collective and individual effects:

fi (t) =
〈

f (t)
〉

+ 1fi (t) , (7)

〈

fi (t)
〉

=
1

N

∑

i

fi (t) =
〈

f (t)
〉

, (8)

where 1fi (t) is the deviation of the individual external effects
from the collective effect,

〈

f (t)
〉

. Thus, we consider here that
the collective external effect term,

〈

f (t)
〉

, corresponds to the
advertisements and publicity, for the persons in society. The
deviation term, 1fi (t) , corresponds to the deviation effect from
the collective advertisement and publicity effect for individuals,
which can be assumed to be

〈

1fi (t)
〉

=
1

N

∑

i

1fi (t) = 0. (9)

Taking the above ensemble average of Equation (1), we obtain the
following form as the intention of society as a collective mode:

d 〈I (t)〉

dt
= −a 〈I (t)〉 + D 〈I (t)〉 + P 〈I (t)〉2 +

∑

ξ
CξAζ (t),

(10)
where Nd = D and N2h = P. The detailed derivation is shown
in Allsop et al. [3]. We represent the external effect as

〈

f (t)
〉

=
∑

ξ CξAζ (t). Hereafter, we denote
〈

I(t)
〉

as I(t). Equation (10) is
modified slightly from the original model in Ishii et al. [7]. In
the original mathematical model for the hit phenomenon, direct
and the indirect communication are distinguished as the roles
of known and unknown people, respectively, for a certain topic.
Thus, in the original model, five parameters are to be determined
for direct and indirect communication. Moreover, in the original
model, we assume different parameters for the before-open and
after-open periods. Thus, at least 10 parameters need to be
adjusted in the original model, for the communication effects.
In the model of this paper, for simplicity, we do not distinguish

between known and unknown people for the topic of concern.
Hence, the number of parameters that should be adjusted using
real data are only two, D and P. The decay rate, a, in Equation
(10) can be assumed to be 0.5, which is same as that in the original
model [7]. The strength of each media, Cξ , should be determined
separately. Thus, if the number of media is one, the number
of parameters that should be adjusted using real data is only
three.

In the following calculation, coefficients C, D, and P are
determined such that the calculated value according to the
Equation (10) coincides with the daily change in the observed
tweet number; the Monte Carlo method is used, and the details
are available in Ishii et al. [7], as given below.

The advertisement and publicity effects are included inAξ (t) ,
which is treated as an external force. The index, ξ , sums up the
mass media exposures. TheWOM, represented by posts on SNSs,
such as blogs or Twitter, is used as the observed data, which can
be compared with the calculated results of the model. The unit of
time is a day.

The advertisement and publicity effects are obtained from M
Data Co. Ltd (http://mdata.tv/en/) as the TV metadata of real-
time advertisement and publicity on television for a certain topic.
TV metadata includes text data containing the summary of TV
programs and commercials with time stamp. M Data records
them immediately after broadcast. It captures TV metadata by
verifying the aired content with human eyes and ears. This
metadata contains the summary of the broadcast contents,
performer’s name, brand name, company name, place name, and
duration of exposure. The WOM, represented by posts on SNSs,
are observed using the social media analysis tool, Kuchikomi
@ Kakaricyo by Hottolink Co. Ltd (https://www.hottolink.co.jp/
english/).

Parameter Estimation
For reliability, we introduce the “R-factor” (reliability
factor), which is well-known in the field of low-energy
electron diffraction (LEED) [48]. In LEED experiments, the
experimentally observed curve of the current vs. voltage is
compared to the corresponding theoretical curve, using the
R-factor.

For our purpose, we define the R-factor as follows:

R =

∑

i

(

f (i) − g(i)
)2

∑

i

[

f 2 (i) + g2(i)
]

, (11)

where f(i) and g(i) correspond to the calculated I(t) and the
observed number of blog posts or tweets, respectively. The
smaller the value of R, the better are the functions, f and g.
Thus, we use a stochastic method to search for the parameter
set that minimizes R. This random number technique is similar
to the Metropolis method [49], which we have used previously
[7]. In the actual calculation, we change each parameter within
10% of its value, using the random number per turn. We
perform such calculations for more than one-hundred-thousand
turns, similar to the Metropolis method for molecular dynamics.
For the molecular dynamics, we try to obtain the parameter
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configuration that gives the lowest total energy. In our case,
we try to obtain the parameter configuration with the least
R-factor.

In the real calculation, for adjusting parameters Cξ , D,
and P, the local minimum trapping, as in the first principle
calculation in material physics, needs to be avoided. There
are several ways to determine the minimum condition,
including the steepest descent, equation of motion method,
and conjugate gradient method. Even in the actual first
principle calculation or density functional theory, local minimum

trapping needs to be avoided. In this paper, we only calculate,
using several initial values in a Metropolis-like method
to avoid local minimum trapping. To check the accuracy
of the parameter adjustment, we use the R-factor value.
For every calculation shown in this paper, the R-factor is
below 0.01.

Although parameters Cξ , D, and P in Equation (10) can be
considered as functions of time, we retain Cξ , D, and P as
constant values to examine whether Equation (10) can be applied
to any social phenomena.

FIGURE 1 | Calculated and observed data for Japanese Famous Food WOM of “Case A” in 2014/1/1–2014/12/31. The histograms are the daily total advertisements

on TV (Green) and the internet (Purple). The blue curve corresponds to the observed number of daily Blog postings and the red curve is our calculation.

FIGURE 2 | Calculated and observed data for the movie, “Case B” in Japan. The histogram indicates [ADV (s)] is the number of daily exposures on TV information

about “Case B” in seconds. The blue curve corresponds to the observed number of daily Twitter postings and the red curve is our calculation.
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FIGURE 3 | Reputation of films (A) “Case C” and (B) “Case D” based on analysis using the mathematical model of the hit phenomenon. The line chart is the number

of daily blog posts and the corresponding calculated values. The histogram (Case C) indicates [ADV (s)] is the number of daily exposures on TV information about

“Case C” in seconds. And The histogram (Case D) indicates [ADV (s)] is the number of daily exposures on TV (Green) and the internet (Orange).
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RESULTS

In this section, we present the analysis results of social-media
posts, using the mathematical model of the hit phenomenon.
The actual analysis of the direct and indirect communication
are presented, which are critical in the mathematical model of
the hit phenomenon. Other examples include Japanese group
events, reputation of popular videos, and the results before the
conclusion of event-ticket reservation.

Case A
In Figure 1, the mathematical model of the hit phenomenon
is applied to a “Case A.” Our target is Japanese Famous Food
WOM of “Case A.” The horizontal axis in the figure represents
the date from 2014/1/1 to 2014/12/31. The peaks in the figure
correspond to the number of daily exposures on Blog and the
internet of “Case A.” As can be seen, our calculation results
demonstrate that the number of social media posts are measured
with sufficient precision. Thus, the mathematical model of the hit
phenomenon can be applied to Japanese Famous Food WOM of
“Case A.”

Case B
A movie example is shown in Figure 2, our calculation for
the American movie, “Case B” (2015), is depicted [50]. The
histogram indicates the number of seconds of exposure
by advertisement or publicity on television. Excluding
small fluctuations, the calculation result matches with the
number of Twitter postings accurately. Thus, the mathematical
model of the hit phenomenon can be used for movies,
as well.

Strong Indirect Communication
In the analysis, we present an example, where indirect
communication, which is a characteristic action in the
mathematical model of the hit phenomenon, has significant
effect. According to the mathematical-model analysis of
the hit phenomenon, several movies show large indirect
communication. The results for movies, “Case C” and “Case
D,” are depicted in Figure 3. The calculation result by the
mathematical model of the hit phenomenon matches well with
the number of blog posts. Considerable indirect communication
enhances the movie’s reputation.

Another typical break is “Case E,” a Japanese Tarent who
became a hit in September 2016. Figure 4 shows the analysis
of the reputation of “Case E” using the number of blog posts,
which are calculated using the mathematical model of the
hit phenomenon. The calculation agrees well with the actual
measurement [50].

Figure 5 compares the coefficients determined, before and
after the day influencer introduced the video. The strength,
“P,” of the indirect communication significantly increased,
after introduction. Response to media exposure also increased
considerably. Thus, it is considered that an explosive epidemic
appears as an increase in the strength, “P,” of the indirect
communication.

FIGURE 4 | Analysis of “Case E.” The red curve is our calculation using the

model, the blue curve is the observed daily number of postings in blogs, in

Japanese language, and the histograms are the daily total advertisements on

TV (Orange) and the internet (Green).

On the other hand, the direct communication strength, “D,” is
rather weak. Although this movie was spreading through breaks,
it shows there is no increase in the number of “Case E” ’s
core interested people. This indicates that even in the midst of
an explosive epidemic, the direct communication strength, i.e.,
the satisfaction of the core interested people is not necessarily
increased or limited. We also did a similar calculation on the
explosive epidemic for “Pokemon GO” [51].

Direct and Indirect Communication
The following example is of the reputation of the Japanese
Famous group, “Case F” for event. We analyzed the reputation,
before and after event held in summer 2015, using the
mathematical model of the hit phenomenon [52]. The result is
shown in Figure 6.

Several Famous groups participated in this event and
gathered a vast audience. Before event, the indirect
communication strength, “P,” was large, whereas that of
the direct communication, “D,” increased, after the event.
Indirect communication shows the strength with which people,
other than the interested people, are interested and direct
communication indicates the interest of interested people. In the
“Case F,” it appears that those who were interested, before the
event, became core interested people of “Case F,” after the event.

In hit contents, indirect communication increases after
publication. The “Case E” epidemic is consistent with the
increase in break and indirect communication. Hence, the
reputation breaks, when indirect communication increases
rapidly. Additionally, convergence occurs, when indirect
communication decreases.

On the other hand, the strength of direct communication
shows the enthusiasm of core interested people but does not
imply that there are numerous core interested people. The
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FIGURE 5 | Observed parameters “P,” “D,” and Cadv for TV, and Cadv for the internet, as per the calculations in of Figure 4.

FIGURE 6 | Analysis of the “Case F,” before and after event in Japan, in the summer of 2016.

increase in direct communication, after the event at “Case F,”
indicates an increase in the number of enthusiastic interested
people. However, the fact that there is no increase in direct
communication in the “Case E” indicates that “Case E” is only
a topicality and there is no increase in “Case E” ’s core interested
people.

DISCUSSION

Using the mathematical model of the hit phenomenon,
we analyzed the reputations of a movie, a YouTube movie
that became a global topic, and the popular event trend
in Japanese. Important factors in the mathematical model
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of the hit phenomenon include the direct communication
strength, “D,” the indirect communication strength,
“P,” and the coefficient, “C,” of the media response
strength.

The results indicate that for the reputation of “Case E” ’s
movie, the indirect communication strength, “P,” increased, with
the world-wide reputation. “P” tends to be large, for hit movies
also. Therefore, the indirect communication strength, “P,” was
found to be related to the wide propagation of the topic.

On the other hand, the comparison of the reputation, before
and after the group event, shows that the direct communication
strength, “D,” appears to be the satisfaction level of the support
layer.

Hence, “D” indicates whether the current support layer is
satisfied, and P indicates the power to acquire a new support
layer. This can be said to be effective not only for the analysis
of entertainment and marketing strategy but also for political
election analysis.

As the mathematical model of the hit phenomenon is a theory
of sociophysics, it is possible to describe how a person in society
causes interest, and follow the time change of this interest.
Therefore, expansion is easy. For example, to determine which
among two competing topics shows interest, a theory has already
been proposed, which generates two mathematical models of the
hit phenomenon simultaneously [53, 54].

In addition, it is possible to solve the influence of social media
on the market share of products by the simultaneous theory of

the market share, in economics, and the mathematical model of
the hit phenomenon [55].

The hits on social media are similar to the burst phenomenon,
which evolves through non-Poissonian dynamics.

CONCLUSION

In this paper, using the mathematical model of the hit
phenomenon, which is one of the theories of sociophysics,
the rise of topics and convergence in society were calculated,
even for movies, and events, and the reputation of a YouTube
movie that became a global topic. This establishes that the
mathematical model of the hit phenomenon can explain the
spread of topics as a social phenomenon. Using this model, it
can be determined whether the topic is spread beyond clusters by
social dynamics; if the indirect communication is considerable,
it becomes a hit. Additionally, it is possible to quantitatively
analyze the propagation mechanism of popular topics, using
the mathematical model of the hit phenomenon. It may be
possible to clarify the mechanism for information propagation
as a social epidemic phenomenon, according to the utilization of
the corresponding parameter.
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