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Abstract 
With the worldwide application of social networks, new mathematical approaches have been 

developed that quantitatively address this online trend, including the concept of social computing. The 
analysis of data generated by social networks has become a new field of research; social conflicts on 
social networks occur frequently on the internet, and data regarding social behavior on social networks 
must be analyzed objectively. In this paper a type of social compouting method based on the principle of 
maximum entropyis proposed, and this type of social computing method can solve a series of complex 
social computing problems including the calculation of public psychological pressure. The quantitative 
calculation of public psychological pressure is so important to the public opinion analysis that it can be 
widely applied in a lot of public information analysis fields. 
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1. Introduction 

In contemporary society the social networks has become the key infrastructure 
services. A lot of social information wasdistributed, transmitted, oracquired through social 
networking services. These sercices have a profound influence on the nation's politics, 
economy, culture and the organization of social activities. The data from SNS (Social Network 
Service) commonly have various media such as text, location, time, audio, and video and  
so on [1] [2]. At the same time, computer experts and data analysts have begun to show great 
interest in the data that are generated by these networks, prompting a new computing approach 
called "social computing" [3]. 

A seminar on social computing was held at Harvard University in 2007, and the U.S. 
military held a seminar at Arizona State University in April 2008 on behavior modeling and 
behavior forecasting. In 2009, the thinking of social computing began to become the formal 
academic concept developed by David Lazer et al. in the journal Science. They considered that 
a great deal of information contained in social networks such as blogs, BBS, chats, records of 
consumption, and E-mails can be analyzed by data analyst, which involved  a lot valuable 
information [4]. 

The people expressed their personal views in the social networks, in which involve a lot 
of public mood. How to calculate the public psychological pressure in the social networks is an 
extremely essential subject in the public opinion analysis [5] [6] [7]. During the Arab Spring [7], a 
series of national governments collapsed. The social networks such as Twitter and Facebook 
play a vital role in it. When social networks make it easier or more convenient for the public to 
access information, countries face inevitable social and political consequences [8].  

This article proposes a type of general-purpose social computing method that could be 
widely applied in complex social computing situations that have the characteristic of uncertainty. 
The proposed method can be used to apply quantitative calculations to complex social 
information systems. In this paper we try to calculate the public psychological pressure 
quantitatively for social networks, and this is a very meaning work. 
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2.    Related Works 
2.1. The Related Theories of Social Computing 

Social computing is a kind of calculation thinking which is used to quantitatively 
calculate the social properties or the social tendency.  
1) The concepts behind Computational Social Science 

In 2009, an epoch-making calculation was proposed in the field of social networking 
research when David Lazer and others proposed the concept of Computational Social Science. 
This concept expounded on the idea that much of the information found on networks such as 
blogs, BBSs, chats, log files, and E-mails are mappings of individual and organizational 
behavior in society [3]. This description is considered a complete representation for social 
computing theory. 
2) The small world theory 

In 1998, Duncan J. Watts and Steven H. Strogatz published a famous paper in the 
journal Nature, and in this paper they described the small world theory for social networks [9]. 
 
2.2. The Mathematical Modeling of Social Networks 

Since the seminal works of Watts and Strogatz (1998) and Barabási and Albert (1999), 
network modeling has undergone rapid development. Researchers in the field of network 
modeling discovered that large-scale networks across different domains follow similar natural 
laws such as scale-free distributions, the small-world effect and strong community structures [9] 
as shown in Figure 1. 

 

 
 

Figure 1. A social network 
 
 
3.       A New Type of Social Computing Method 
3.1.    The Mathematical Model of Social Event 
3.1.1. The Structure of a Social Event 

Based on the concept of ontologya social event is described in Figure 2 [10].  

The mathematical description: Suppose that the social event information is the complete set U

,which is composed of the subsets Child content 1, Child content 2, …, Child content n-1, and 

Child content n, 1 2, ,..., nU U U , satisfying the condition that 1 2 1...n nU U U U    ,where 1U

represents Child event 1, 2U represents Child event 2,…, and
nU  represents Child event n. 

According to set properties we know that 1 2... nU U U U   . 

As shown in Figure 2, ―Child content 1‖ is an attribute of the ―Social event‖, and ―Child 
content i‖ is an attribute of ―Child content 2‖.These Child contents form the subsets of the 

―Social event,‖ for which the set U is the complete set. Based on general philosophical 

principles, parts do not exist in isolation within any system; instead, they mutually influence each 
other. 
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Figure 2. The social event structure 
 
 
3.1.2. The Modeling of Multidimensional Random Variables 

Suppose that the discrete random variable X  represents the ―social event‖, and the 

event itself is a random information system in which 1X  represents ―child content 1‖, 2X  

represents ―child content 2‖,…, and nX  represents ―child content n‖. Therefore, the discrete 

random variable X  isequivalent to  1 2, ,..., ,...,i nX X X X , or can be represented as 

 1 2, ,..., nX X X X , where  1 2, ,..., nX X X  is the multidimensional random variables for which 

the function relation between every (0 )iX i n  is either unknown or is complex and cannot be 

described with a specific mathematical formalization. 
 
3.1.3. The Vector Space of Multidimensional Random Variables 

Element-event:  1 2, ,... ...,i nX X X X contains the basic values in its domain of 

values,forming an element-event in the vector space that can be represented by  1 2, , , nx x x , 

and all element-events constitute the vector space A .  

Suppose that the number of elements in set iU is iq . In iU , each (1 )iX i n   obtains 

its values, and then are all 
1

n

i

i

q


 element-events, which for the vector space A can be 

represented as the matrix A ,
1

n

i

i

q


 rows, n  columns. 
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3.2.    A Method to Calculate Social Event Information Entropy 
3.2.1. Shannon Entropy 

In the 1940s, Claude Shannon, the father of information theory developed the 

information theory [11]. The definition: Suppose that X is a discrete random variable (i.e., one 

whose range  1 2, ,..., nR x x x  is both finite and countable),let  ( )i ip x P X x  . The 

information entropy  H X  of X  is defined by 

 

     log
x

H X p x p x 
       

(1) 

 

The entropy  H X  of the random variable X is a function of the random variable probability 

distribution ( )p x . Because  1 2, ,..., nX X X X , it follows that 

 

     1 2 1 2= , , , l , , ,n n

x

H X p x x x ogp x x x        (2) 

 
3.2.2. The Calculation Method Based on the Principle of Maximum Entropy 
1) A description of maximum entropy theory 

In 1950, E. T. Jayness proposed the principle of maximum entropy. The maximum 
entropy statistical model is a type of selection methodused to select the optimal distribution 
among eligible probability distributions [12]. 

 

 p argmaxH p         (3) 

 
2) The maximum entropy distribution of the discrete random variables 

Suppose that X is a discrete random variable whose range  1 2, ,..., nR x x x  is finite and 

countable. Let  ( )i ip x P X x  ; the corresponding probability value is then 1 2, ,..., ,...,i np p p p  and 

the necessary and sufficient condition is 1 2

1
np p p

n
    [13]. Proof, Because

1
1

n

ii
p


 , 

based on the Lagrange multiplier method we try to solve the probability distribution under the 

maximum entropy constraint condition 
1

1
n

ii
p


  

 

 1 2

1 1

, l, 1, n
n n

n i i i

i i

F p p p p p p
 

 
     

 
 

. 
 

According to the necessary condition for obtaining the maximum, we take the partial derivative 

of ip  to get the equation set. Thus, we would have: 

 

/ ln 1 0 1,2, , .i iF p p i n        ，
 

 

To solve this,  1ip exp   , and ip is a constant. According to the constraint condition

1
1i

n

i
p


 ,we know that 1inp  —that is, 1ip n . Therefore, the entropy function would be 

 

       
1

1/ ln 1/ ln
n

i

H x n n n


  
.     

        
 

The conclusion is that, monotonic behavior of the entropy function    lnH x n  as shown in 

Figure 3. 
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   lnH x n .                          (4) 

 
The entropy calculation formula for multidimensional random variables is similar to that 

for a one-dimensional random variable. Calculating the information content of a social event is a 

maximum entropy issue for which the constraint condition is  1 2, , , 1np x x x  , the form of 

the entropy function is similar to the form of a one-dimensional random variable, and the 
information entropy value can be any positive number. 

 
 

 
 

Figure 3. The monotonic behavior of the entropy function    lnH x n
 

 
 

When the entropy function is maximized, the joint probability distribution is the uniform 
probability distribution [13]. 
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 1 2  l , , , nogp x x x  
.
 

 

Suppose that iq  represents the amount of iX  after obtaining the values as shown in Table 1. 

While iX obtains its value in its basic set of values once, 1.iq 
          

 
 

Table 1. The Value of Sub-Variables 

iX  1X  2X  ......  
nX  

iq  
1q  

2q  ......  
nq  

 
 

Then, the discrete multidimensional random variables  1 2, ,..., nX X X
 
have 

1

n

i

i

q


  distribution 

items. According to the constraint condition  
 

 1 2, , , 1np x x x  , 
 

We would then have  1 2

1 2

1
, , , n

n

p x x x
q q q

 


, and the entropy function is 

 



TELKOMNIKA  ISSN: 1693-6930  

How to Calculate the Public Psychological Pressure in the Social Networks (Rui JIN) 

1813 

   

 

1 2 1 2

1 2

1 2

, , , l , , ,

1
l

l

n n

n

n

H X X X ogp x x x

og
q q q

og q q q
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 


 

. 

 
That is, the entropy function of social event multidimensional random variables is described by 
Formula (5). 

 

 2

1

1, , , l
n

n i

i

H X X X og q


 
   

 


       

(5) 

 
3) The monotonicity proof of the social event multidimensional random variables entropy 
function. The entropy function is 

 

   

 

1 2 1 2

1 2

, , , l , , ,

l

n n

n

H X X X ogp x x x

og q q q

   

  .

 

 

Proof, when  1 2, ,..., nX X X  obtains a set of values 
'

1( ,..., ,..., )i nq q q , the entropy is 'H ; however, 

when 1 2( , ,..., )nX X X  obtains another set of values 
''

1( ,..., ,..., )i nq q q , the entropy is ''H . When 

'' '

i iq q because 0iq  , then 
'' '

1 1... ... ... ...i n i nq q q q q q ; thus, we would have 

 
'' '

1 1( ) ( )... ... ... ...i n i nlog logq q q q q q
.
 

 

Therefore, '' 'H H and the entropy function has strict monotonicity,Q.E.D.  
Based on a theoretical analysis, the calculation method is shown to be appropriate for almost all 
social computing situations. 
 
 
4.      A Calculaiton Method for the Entropy of Public Psychological Pressurein the Social    

     Networks 
4.1.    The Analysis for Public Psychological Pressure 
4.1.1. The Structure of Public Psychological Pressure  

There are multiple categories of public moods involved in the public psychological 
pressure, and the structure of public psychological pressure is shown in Figure 2. In recent 
years the related researchers analyzed the text content of daily Twitter feeds by two mood 
tracking tools, namely OpinionFinder thatmeasures positive vs. negative mood and Google-
Profile of Mood States (GPOMS) that measures moodin terms of 6 dimensions [14] [15]. 

 
 

           public 
psychological pres-
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other 

moods
worry dread

disappoint-

ment
depression indignation anxiety fear panic

 
 

Figure 4. The structure of publicpsychological pressure 
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4.1.2. The Mathematical Model for Public Psychological Pressure 
Based on Figure 4, the mathematical model is described as follows. Assume that the 

discrete random variableX represents the―public psychological pressure‖ such that X1 

represents ―worry‖, X2 represents ―dread‖, X3represents ―disappointment‖, X4 represents 
―depression‖, X5 represents ―indignation‖, X6 represents ―anxiety‖, X7 represents ―fear‖, X8 
represents ―panic‖, X9 represents ―other moods‖, and X ~ (X1, X2…… X9). 

Furthermore, assume that the domain of X is U, and the probabilitydistribution is p(x); 
the domain of X1, X2…, and X10 are U1, U2…, and U9, respectively; and the 
probabilitydistributions are p1(x), p2(x), …, and p9(x), respectively. 

  
4.2. The Calculation Method 

According to the mathematical model, we can obtain the entropy function H of X as 
follows: 

 

 1 2 9lH og q q q 
        

(6) 

 
 
5.    Experiments 
5.1. The Experiments Data 

In July 2012 a number of important public events occurred that garnered extensive 
attention in Chinese social networks. We calculated the corresponding public psychological 
pressurefor each event as shown in Table 2. 

 
 

Table 2. Public Events 
Sequence number Event Time  

1 The 7/21 rainstorm in 
Beijing. 

2012.7.21 

2 A Japanese company 
discharged carcinogenic 
sewage into Nantong city, 
Jiangsu Province. 

2012.7.25 

3 A 3.3- magnitude 
earthquake occurred in 
Dali, Yunan Province.  

2012.7.27 

 
 

We collected corresponding social media comments concerning these events from social 
networks over a 30-day period. These comments tended to be highly integrated and 
traditionalwith abundant emotional coloring. For example, the number of comments collected 
over 30 days for Event 1 is shown in Table 3. 

 
 

Table 3. Event 1 
Time(day) No.1 No.2 No.3 No.4 No.5 No.6 No.7 No.8 

Number 1356 1795 1837 1936 1846 2305 2541 2252 
Time No.9 No.10 No.11 No.12 No.13 No.14 No.15 No.16 
Number 2071 1803 1595 1502 1396 1203 1181 1063 
Time No.17 No.18 No.19 No.20 No.21 No.22 No.23 No.24 
Number 936 982 782 657 662 608 573 562 
Time No.25 No.26 No.27 No.28 No.29 No.30   
Number 441 382 321 309 331 341   

 
 

Subsequently, the data for these comments were processed, and the statistical totals of the 
pessimistic public sentiments on Day 1 are shown in Table 4.  

 
 

Table 4. Pessimistic Public Moods on Day 1 for Event 1 
X X1 X2 X3 X4 X5 X6 X7 X8 X9 

qi 521 637 726 581 672 832 693 825 1 



TELKOMNIKA  ISSN: 1693-6930  

How to Calculate the Public Psychological Pressure in the Social Networks (Rui JIN) 

1815 

The public psychological pressure H1of the public Event 1 on the firstday can be calculated as 
follows. 

 

 1 1 2 9ln , , ,

ln(521*637 *726*581*672*

832*693*825*1)

52.16

qH q q 





 

 
For example, the number of comments collected over 30 days for Event 1, Event 2, Event 3 is 
shown in Table 5. 
 

 
Table 5. Public Events 

Time(day) No.1 No.2 No.3 No.4 No.5 No.6 No.7 No.8 

H1 52.16 54.71 54.08 54.92 54.83 55.52 56.30 55.81 
H2 47.81 48.72 49.18 46.82 46.93 44.78 42.93 43.52 
H3 33.29 33.92 28.93 24.21 16.83 13.92 12.81 10.38 
Time(day) No.9 No.10 No.11 No.12 No.13 No.14 No.15 No.16 
H1 56.47 55.92 54.71 53.82 52.06 52.27 51.83 52.01 
H2 42.68 42.39 42.01 43.29 41.48 42.82 43.92 42.52 
H3 12.28 12.74 10.82 10.77 11.69 10.01 11.92 9.88 
Time(day) No.17 No.18 No.19 No.20 No.21 No.22 No.23 No.24 
H1 51.93 52.63 52.73 51.39 48.29 45.92 45.83 46.72 
H2 42.28 38.58 39.73 38.96 39.72 37.39 36.30 35.93 
H3 9.92 8.39 8.38 9.92 10.39 8.82 8.30 7.20 
Time(day) No.25 No.26 No.27 No.28 No.29 No.30   
H1 42.21 42.93 43.76 42.92 42.02 41.83   
H2 36.43 35.72 35.83 36.92 33.62 33.39   
H3 6.39 7.30 8.20 6.93 8.36 7.72   

 
 

Using those data, we can describe the tendency of public psychological pressure over 30 days, 
as shown in Figures 5. 

 
 

 
 

Figure 5. The H values for Event 1, Event 2, and Event 3 
 
 
6. Conclusion 

This paper presents a new type of social computing method based on maximum entropy 
theory. The method has a solid theoretical foundation and can be used to quantitatively analyze 
uncertain issues using data gathered through social networks. Applying the proposed method 
the public psychological pressure can be quantitativelycalculated for public information analysis. 
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