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Abstract 

  

This paper explores the microscopic behavioral characteristics of various nodes in a 

social network and the macro-evolution law of its formation. Taking the Sina 

microblog in China as an example, the article presents a multi-agent simulation 

analysis on the Netlogo platform. The results show that a double limited and 

heterogeneous feature is possessed by the social network, namely the limited size of 

the network and the in-degree and out-degree of the nodes, as well as the 

heterogeneous attributes of the nodes. Compared with a small-world and scale-free 

network, the double limited and heterogeneous social network can better simulate a 

real social network. It not only has the overall structural characteristics of a small-

world and scale-free network, but also microscopically reflects the influence and 

control of different types of nodes in a social network.  
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Intruduction 

Features and Empirical Analysis of Social Network Structure 

A social network is also a social networking service. It is an online community constructed 

on the basis of different kinds of user nodes and certain relationships. The construction 
of social network nodes not only includes users that take humans as the principle body, 
but also various institutional users in the form of individuals (Hansen 2012). Different 
egocentric networks are constructed by different types of users based on their differing 
motivations. Complex macro-level behaviours influence the interactions between the 
microscopic individuals. In turn, the self-organizational behaviour of the overall network 
influences the microscopic individuals, which results in an ever-changing network 
structure (Aitkin, Vu and Francis 2014). Previous studies have indicated that social 
networks are small-world and scale-free, but also possess other features (Java et al. 2007
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 Leskovec et al. 2008; Kwak et al. 2010). On this basis, and taking the Sina microblog as an 

example, this study presents an empirical analysis of the macroscopic evolution and 
microscopic behavioral characteristics of social networks. The results of the analysis 
show that a double limited and heterogeneous feature is possessed by the social network, 
namely the limited size of the network and the in-degree and out-degree of the nodes, as 
well as the heterogeneous attributes of the nodes. 

 
Limited size of the network 

Social network nodes provide a map of the individual users, institutional users and other 
entities in the virtual world of the Internet. However, the number of users, in whichever 
form, and the use of multiple network identities, puts a limit on the size of online social 
networks. 

At present, the evolutionary model for most networks increases at a fixed rate of  m-nodes 
per unit of time. Under this assumption a network is unlimited in size over time (Nash, 
Bouchard and Malm 2013). However, it is clear that this kind of evolutionary model is not 
in line with the actual evolutionary situation of social networks.  

The evolution of a social network is similar to the dissemination of technological 
innovations and sales of traditional durable goods. The increment of the network size is 
not constant, instead, it is closely related to external and internal influences. External 
influence involves the use of a range of media to promote social networking 
characteristics in order to encourage potential users to join a social network. Internal 
influence involves taking advantage of existing users to achieve the same goal. 

If the internal consistency between the increasing size of a social network and the 
influencing factor of the dissemination of technological innovation are taken into 
consideration, the Bass diffusion model can be used to describe the evolution of a social 
network´s size.  This is represented by the formula (1): 

         tMMtbMtMMatM  1                                                 (1) 

where   is the increased number of social network users at time  ;   is the number of existing 
social network users at time  ;   is the innovation factor, which is related to the external 
factors;   is the simulation factor related to the internal factors;   is the maximum number 
of social network users. Formula (1) can be reformulated as follows: 
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where  b ；  Mba  -1 ； Ma  . 

In order to verify the validity of the Bass model, the data in the bi-annual and annual 
reports of the Sina microblog were used to simulate the growth in user numbers (see 
Figure 1 - where    is the innovation coefficient;   is the simulation coefficient; and the 
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largest user number = 700.78 million). The simulation results show that the Bass diffusion 

model can effectively simulate the growth in user numbers of the Sina microblog (see 
Table 1). 

In-degree and out-degree limitation of the nodes 

The out-degree of the network nodes is represented by the number of interested users, 
whereas in-degree is represented by the number of users who choose it as their object of 
interest. According to the limitation of the social network size, the existence of the 
theoretical upper limits for the out-degree and in-degree of the network nodes is known, 
namely 1-M , whereby the actual out-degree and in-degree limits are much less than the 
theoretical upper limits. 

Michael H. Goldhaber put forward the notion that the web-based “new economy” is in 

essence an “attention economy”. In this economic form, the most important resource is 
neither monetary capital in the traditional sense nor  information itself, but attention 
(Davenport and Beck 2001). Although the social radius of social networks is expected to 
expand, thereby enhancing social capital, limited attention will limit the selected object of 
interest (out-degree). In addition, different users have different out-degrees. Using the 

Sina microblog as an example, the average out-degree value of 200,000 randomly selected 
users is 113. The out-degree distribution is presented in Figure 2. 

The sum of the out-degree of the social network is equal to the sum of its in-degree.  

Even though there is a preferential link feature in the social network i.e. a small number 
of nodes will get a lot of links, the limitation of the out-degree will inevitably lead to a 
limitation of the in-degree. In addition, different users have different out-degrees. Using 

the Sina microblog as an example, the maximum out-degree value of the 200,000 
randomly selected users is 8,286,157. The in-degree distribution is presented in Figure 3. 

 

Modelling of Double Limited and Heterogeneous Social Networks 

Initial network settings 

The initial social network consists of 0M nodes with k class(es) of different attributes. The 
fully coupled network of 0N  edges is formed on the basis of the following formula (3): 
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Network evolution 

For each time step, the following steps are executed repeatedly until the total number of 
network nodes reaches M . 



Littera Scripta, 2017, Volume 10, Issue 2 

143 

 

New nodes 

At time t , the number of new nodes  tM  is represented by formula (1). According to 

the probability  kip ich ,,2,1_  , new nodes select their attributes and satisfy equation 

(4):  

                               1
1
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Determine the number of linked new nodes. According to the out-degree distribution of 

the subordinated type, the new node jnew _  determines the out-degree   jnewioutlinkn ____  

depending on  kip ioutlink ,,2,1__  . 

Determine the number of links between the new links of each new node and all the 
attribute nodes. The number of links ilinkjnewk ___   between the new nodes jnew _  and the 
i th class of attribute nodes can be expressed as the formula (5):  

                      ilinksjnewioutlinkilinkjnew pnk _________                                    (5) 

where r represents the type of new nodes jnew _  ; ilinksp __ represents the probability 

that the s th class of nodes links with the i th class of nodes and  satisfies the equation ( 6 
):  

                         1
1

__ 


k

i

ilinksp                                                                     (6) 

Determine the new nodes and select the range of objects of interest. The objects of 
interest can be chosen by new nodes within a LAN   at the range of the located radius 0r

. In addition to the new nodes, an alternative set 
 kii ,,2,1 

 is constituted by the i th 
class of attribute users in the LAN. 

Determine the objects of interest of the new nodes. In the i th class of alternative 

attribute sets, new nodes refer to the link rules for the scale-free network and select their 
objects of interest depending on hijnewp ___ , where hijnewp ___  satisfies the equation (7): 
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where hinn _  represents the in-degree of the h th node; i
n  is the number of nodes in the 

alternative set i . 

New edges of existing nodes 

Select an existing node. According to the probability of ioldp _ ,  oldn  existing node(s) is(are) 
chosen randomly. 

In the reference to the links rules of the NW small-world network, an existing node 
jold _  is chosen randomly for the existing node ioldn _  according to the probability 

nwlinkoldp __  and a link between the existing node ioldn _  and the existing node joldn _ is 
established. 

In the reference to the TF links rules of the HK model, an existing node fold _  is 

chosen randomly for the existing node ioldn _  according to the probability hklinkoldp __ and an 

interest set of fold _
 determined for the node fold _ . The objects of interest are selected 

in the interest set fold _
 according to the probability hfioldp ___ : 
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where, fold
n

_ expresses the number of nodes in the interest set fold _ . 

Determine the objects of interest for becoming mutual fans. The interest set jnew_  
is determined for new nodes jnew _ . The proportion of objects of interest for becoming 
mutual fans ihfp _  is ascertained according to the feature of class i  that the new nodes 
belong to. Depending on probability hhfip __ , the nodes for becoming mutual fans are 
confirmed when they satisfy the equation (9): 
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Deletion of existing nodes and disconnection of existing edges 

Select and delete nodes. olddeleten _  existing nodes are selected at random depending on 
nodedeletep _  and deleted. 

Select the disconnected edge. linkdeleten _  existing nodes are selected at random 
depending on linkdeletep _  and deleted. 
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Analysis of simulation results 

The multi-agent simulation platform Netlogo was utilised in this study. The results of the 
empirical analysis of the Sina microblog were used as model parameters (Figures 1 and 4 
and Tables 1-4) to simulate a double limited and heterogeneous social network. As the 
simulation results show, the construction of the social network according to the 
evolutionary rules has the shortest path and a higher than average clustering coefficient. 
Furthermore, its in-degree is subject to a power-law distribution with regards to its small-
world and scale-free features, and the network’s influence and control are not the same 
for various types of nodes. 
 
Analysis of overall network 

The time length of the simulation was set at 289. A double limited and heterogeneous 
social network was subsequently generated with 2025 nodes and 38,108 edges. The 
network was then compared with a random network, small-world network and scale-free 
network with the same number of total nodes and closed edges (see Table 5). The 

simulation results show that the double limited and heterogeneous social network 
possesses small-world characteristics. However, its out-degree distribution is subject to 
a given distribution (see Figure 3) and the in-degree distribution follows a power-law 
distribution (see Figure 6 and Table5). In addition, it is scale-free. However, the large 
clustering coefficient (see Table 5) is in line with the characteristics of the actual social 
network (Bazarova and Choi 2014). 

The increase in the clustering coefficient of double limited and heterogeneous social 
networks is correlated with two rules, namely the TF link rule and the rule of becoming 
mutual fans. The TF rule can be described as the link that is established by node i  and 
node j  at time t  during the evolutionary process, whereby at time 1t , a neighbouring 
node l  of node j  is selected to link with node i . In undirected networks, a closed triangle 
is formed by i , j , l  as a result of the TF rule (see Figure 6a), which enhances the network 
clustering coefficient. However, if the real social network is a directed graph (such as a 
microblog), nodes i , j , l  do not form a closed triangle (see Figure 7b) and therefore the 
network clustering coefficient does not significantly increase due to the TF rule (see Table 
6). On the basis of the TF rule, the rule of becoming mutual fans is added. A closed triangle 
between nodes i , j , l  can be really formed by building a link between node l  and node 
i  shown in Figure (c). Hence, the clustering coefficient of the social network can be 

improved effectively as is demonstrated in Table 6. 
 
Node Analysis 

Centrality of degree 

In social networks, the in-degree of nodes can be used to express the centrality of degree. 
The higher the centrality of a node the more links the node has and the larger the impact 
of the node. In the double limited and heterogeneous social network obtained through the 
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simulation, the average centrality of degrees is not the same for various attribute nodes 
(see Figure 8). 

Of the five types of users, the average centrality value of degree for non-authenticated 
users and microblog talents is relatively low. However, there are a few users that boast a 
higher centrality of degree with greater influence, namely authenticated users of 
individuals, authenticated users of institutions and microblog girls. Of these, the centrality 
of degree distribution for microblog girls is quite even, which is worth focusing on. 

Centrality of intermediary agencies 

If a node is located at n shortcuts of all pairs of nodes, then the greater   is, and the more 
important the position of the node is in the network. The centrality of intermediary 
agencies can be used to characterize the control degree of nodes for  information. In the 

double limited and heterogeneous social network obtained through the simulation, the 
average centrality of intermediary agencies is not the same for various attribute nodes 
(see Figure 9). 

Of the five types of users, the average centrality value of intermediary agencies for non-
authenticated users and microblog talents is relatively low. However, there are a few 
users that boast a higher average centrality of intermediary agencies with greater control 
over information dissemination, namely authenticated users of individuals, authenticated 
users of institutions and microblog girls.  
 
Conclusion 

The mode and effect of information dissemination in social networks are determined by 

the structure of the social network. The structure therefore forms the foundation for 
related research into social networks. This paper explores, on the basis of previous 
studies, the microscopic behavioral characteristics of various nodes in a social network 
and the macro-evolution law of its formation. In addition, the results of an empirical 
analysis of the Sina microblog were used as model parameters, and the Netlogo platform 
adopted to conduct a multi-agent  simulation analysis. On the basis of the analysis, two 
conclusions were drawn : 

(1) The social network possesses the double limited and heterogeneous feature, namely 
the limited size of the network and the in-degree and out-degree of the nodes, as well as 
the heterogeneous attributes of the nodes. 

(2) The double limited and heterogeneous social network model enables better 

simulations of real social networks. From the macroscopic perspective, the overall 
structure of the double limited and heterogeneous social network possesses both small-
world and scale-free features, but it cannot only be replaced by a small-world network or 
scale-free network. From the microscopic point of view, the influence and control of 
different types of attribute nodes in the network can be truly reflected. 
 
Theoretical contributions and marketing implications 

In most theoretical studies of existing social networks, the number of network nodes and 
variances in edge numbers is basically the same for the default unit of time (increases at 
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a fixed rate of m-nodes per unit of time). In addition, the network nodes have the same 

behavioural characteristics (such as the preferential link rule of degrees of dependent 
nodes), resulting in the network size being infinite over time and the difference in 
network node attributes being neglected. In this study, diffusion theory and attention 
economy are introduced into the research on social network structures in order to make 
up for this deficiency. As shown in both the theoretical analysis and the empirical study, 
like the projection of real society in virtual society, social networks enjoy the double 
limited and heterogeneous feature with small-world and scale-free characteristics, as well 
as all kinds of attribute nodes with different positions in the network.   

The double limited and heterogeneous feature of social networks can provide a basis for 
developing marketing strategies within companies. Firstly, the evolution of the overall 
network size is subject to an S-shaped curve. Therefore, for companies with a social 

networking platform, the strategic focus for attracting and retaining users should be 
different according to the network evolution stage. For example, when a social network is 
at the beginning stage of its development, companies need to focus on attracting new 
users, whilst in the mature stage, companies have to try their best to decrease their churn 
rate. More importantly, they need to retain their high-value users. Secondly, the in-degree 
and out-degree of the nodes are all limited. Therefore, social network nodes, be they 
either individuals or institutions, should choose their objects of interest and topics in a 
smarter way, thereby making sure to avoid an obsession with large quantities of 
information. For example, social networks may need to allow users to form unidirectional 
connections as “fans” or “followers”, such as a company creating a fan page on Facebook, 
so that users can enlist as “fans”. However, users who are a “fan” of a company or brand 

may want to follow it without granting the company access to their profile. Thirdly, 
different attribute nodes are heterogeneous. Hence, the branding and customer relations 
management in businesses can be managed effectively through their understanding of 
their own attribute features and their impact on other nodes. This means that companies 
need to identify the influential nodes in social networks. Known methods range from node 
centralities, such as degree, closeness and betweenness, to diffusion-based processes, like 
PageRank and LeaderRank. Recently, a new local ranking algorithm named ClusterRank 
was presented, which takes into account not only the number of neighbours and their 
influence, but also the clustering coefficient (Chen et al. 2013). In addition, the operator 
of the social networking platform can also improve the number of key nodes (such as 
microblog girl with both high centrality of degree and intermediary agencies) to 
strengthen the effectiveness of information dissemination on the platform. 

 
Deficiencies and future research directions 

This research analyses the influence and control of different types of attribute nodes in a 
social network´s structure. However, the strength and weakness of the social 
relationships are not considered. As a result, the construction of a weighted double 
limited and heterogeneous social network should be the focus of future research. 

The results of an empirical analysis of the Sina microblog were used as an example in this 
study. The user attributes were divided into five categories, namely non-authenticated 
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users, authenticated users of individuals, authenticated users of institutions, microblog 

girls and microblog talents. If required, other parameters can be used to subdivide each 
type of attribute user e.g. institutional users can be classified according to industry, size, 
etc. The area of focus in future studies will therefore be the characteristics of user 
behaviours in the subdivided classes and their influence and control in a network 
structure. 

Social network structures form the basis of research into information dissemination. 
Future research will therefore also focus on an analysis of the influence of different 
attribute nodes on information dissemination and the reaction of information 
dissemination to social network structures on the basis of existing double limited and 
heterogeneous social networks. In addition, a model will be constructed of the interactive 
effects between a network´s structure and information dissemination. 
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Tables and Figures 

Table 1.   Bass diffusion model parameters for the growth in user numbers of the Sina microblog  

 Coefficients 
Standard 

error 
t Stat P-value 

Lower 
95% 

Upper 
95% 

Lower 
limit 

95.0% 

Upper 
limit 

95.0% 

α 16.0682597 0.868215 18.50725 9.99E-68 14.3649 17.7715 14.3649 17.7715 

β 1.002728155 9.14E-05 10964.98 0 1.00254 1.00290 1.00254 1.00290 

γ 0.999999958 1.83E-09 -23.0483 3.83E-98 -4.6E-08 -3.9E-08 -4.6E-08 -3.9E-08 

Source: Authors 
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Table 2.   Analysis of the selected users of Sina microblog  

  Non-authenticated Individuals Institutions Microblog girls Microblog talents In total 

No. (ten 
thousand 
people) 

6809.3 36.4 18.1 18.1 369.4 7251.3 

Proportion 93.90% 0.50% 0.25% 0.25% 5.09% 00.00% 

Source: Authors 

 

Table 3.   Interest probability for five kinds of Sina microblog users  

Interest probability Non-authenticated Individuals Institutions Microblog girls Microblog talents 

   Non-authenticated 31.58% 27.28% 9.19% 19.46% 12.49% 

   Individuals 35.57% 22.25% 9.29% 22.36% 10.53% 

   Institutions 32.57% 14.94% 14.23% 22.86% 15.40% 

   Microblog girls 34.14% 14.23% 6.20% 25.44% 19.99% 

   Microblog talents 35.40% 13.65% 8.20% 24.27% 18.48% 

Source: Authors 

 

 

Table 4.   Preference for becoming mutual fans for five kinds of Sina microblog users 

  

Probability 
becoming 

fans 
mutually 

Proportion of each type of user 

Non-
authenticated 

Individuals Institutions 
Microblog 

girls 
Microblog 

talents 

   Non-authenticated 38.10% 17.80% 0.90% 0.40% 11.90% 7.10% 

   Individuals 54.40% 19.40% 11.60% 2.10% 12.50% 8.80% 

   Institutions 46.80% 15.30% 5.20% 8.10% 12.10% 6.10% 

   Microblog girls 57.00% 19.30% 1.80% 0.50% 18.50% 16.90% 

   Microblog                                    
talents 

53.90% 20.60% 1.20% 0.50% 16.30% 15.30% 

Source: Authors 
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Table 5.   Comparison of various networks 

Network name   
Network 
diameter 

Average clustering 
coefficient 

Average path length 

Random network 13 0.009 2.973 

Small-world Network 14 0.355 5.24 

Scale-free network 11 0.064 2.258 

Double limited and heterogeneous network 7 0.148 3.306 

Simulation network excluding becoming fans 
mutually 

11 0.092 4.095 

Simulation network excluding idol effect and 
becoming fans mutually 

11 0.086 4.335 

Source: Authors 

 

 

Table 6.   Parameters of double in-degree logarithmic distributions for the simulation results 

  Coefficient 
Standard 

error 
t Stat P-value 

Lower 
95% 

Upper 
95% 

Lower 
limit 

95.0% 

Upper 
limit 

95.0% 

Intercept 3.539 0.143 24.757 0.000 3.255 3.823 3.255 3.823 

X Variable 1 -1.631 0.085 -19.226 0.000 -1.800 -1.463 -1.800 -1.463 

Source: Authors 

 

Figure 1. Bass diffusion model simulations of the growth in users of the Sina microblog 

 

Source: Authors 
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Figure 2. Out-degree distribution of Sina microblog users

 

Source: Authors 

 

Figure 3. In-degree distribution of Sina microblog user

 

Source: Authors 
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Figure 4. Out-degree distribution of five kinds of Sina microblog users 

 

Source: Authors 

 

Figure 5. In-degree distribution of five kinds of Sina microblog users 

 

Sourc: Authors 
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Figure 6. In-degree distribution of simulation results 

 

Source: Authors 

 

Figure 7. Link diagram of network nodes 

 

Source: Authors 
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Figure 8. Boxplot of the centrality of degree for each type of attribute node 

 

Source: Authors 

 

Figure 9. Boxplot of the centrality of intermediary agencies for each type of attribute node 

 

 

Source: Authors 
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