
The Model of Microblogging Network with 

Anti-Cognitive Costed Deletion of Edges  

Quan Liu * 

   Institute of System Engineering 
Dalian University of Technology 

Dalian, China 

e-mail:quanshuilq2005@163.com 

* Corresponding Author 

Lili Rong 

Institute of System Engineering 
Dalian University of Technology 

Dalian, China 

e-mail: llrong@dlut.edu.cn

Abstract—With more and more people beginning to share 

information and opinions through microb1ogging, 

microblogging network has become a new research focus in 

the social network. In this paper, we introduced a model 

which gives more realistic and detailed description of the 
evolution process of microblogging network based on the 

Barabási-Albert model. The model includes the addition of 

new vertices with directed edges, the addition of new 

directed edge between old vertices selected by cognitive cost, 

the deletion of some old directed edges between old vertices 

selected by anti-cognitive cost and anti-preferential 

probability. We analytically calculated and simulated the 

degree distribution by the mean field theory. The degree 
distribution exhibits a multiscaling behavior analogous to 

the BA model. Finally, our results show that strong 

correlation between the in-degree and out-degree. The 

analytical results are supported by simulations. Our work is 

the basis for the study of information dissemination in the 

microblogging network.  
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I. INTRODUCTION  

With the continuous development of Internet and Web 
technology, microblogging is becoming a basic tool for 
people’s daily communication and entertainment. As a 
new information dissemination platform, microblogging 
has broad prospects in application and research, 
particularly in journalism, public opinion propagation, 
information recommendation, user behavior analysis and 
human dynamics, etc. As more and more researchers pay 
attention to microblogging, microblogging network has 
become a new research focus in social network. 

The present research on microblogging network 
structure focuses on empirical analysis through various 
microblogging network data. Kwak et al[1] found some 
characteristics of followers through analyzing the users’ 
data of Twitter, such as non-power-law distribution, short 
effective diameter and low reciprocates edges, which is 
obviously departed from the human social networks. Java 
et al[2] studied the topological and geographical properties 
of Twitter’s social network. Huberman et al[3] explored 
potential friend’s relationship in Twitter, and discovered 
that the Twitter network is composed of mutual-attention 
network with high density and sparse network of real 
friends. 

Currently, a variety of network evolution models were 
proposed based on the extracted features in the actual 

network using complex network theory. Dorogovtsev and 
Mendes[4] proposed a developing and decaying model of 
the undirected network through adding or removing the 
edge between old nodes. Deng et al[5]-[6] studied the 
influence on scaling behavior of growing network by 
deleting nodes. Albert and Barabási[7] studied the impact of 
adding edges and reconnecting the edges between old 
nodes. Bianconi and Barabási[8] proposed a fitness model 
that considered the ability of node to compete for edges. 
Dorogovtsev and Mendes[9] studied the growing networks 
that considered the age of nodes and analyzed the impact 
that age has on the scaling behavior. Chen et al[10] 
proposed two BA extended model, one of which deleted 
old edges using anti-preferential probability. Literature [11] 
analyzed the effects that degree distribution and degree 
correlation of nodes have on the reciprocal sides. 
Literature [12] put forward a network model that add new 
nodes and edges, reconnect and delete edges between the 
old nodes, and analyzed the relation between deleting size 
and power law degree distribution. Some research 
proposed scale-free homophilic network models that 
combined preferential attachment and homophilic term[13]-

[15]. Other multiplex network models[16]-[18] were presented.. 
The above evolution models all have their own concern, 

but they just cannot be directly applied to microblogging 
network somehow. This paper start from the perspective of 
complex networks, summarize the characteristics of 
microblogging network that were found in the existing 
empirical studies, put forward a evolution model of 
microblogging network, through theoretical analysis and 
simulation, we find our model is in good accordance with 
the actual network. 

II. EXISTING MODEL 

Paper [19] proposed a model of microblogging 
network that considered the cognitive costs of vertexes and 
reciprocal edges.  

In Twitter, posted messages from one’s “following” 
friends appear on his/her “timeline”, which keeps updating 
every second. Consequently, the more the number of 
following users increases, the faster the timeline flows. 
Therefore, large amounts of following users have 
difficulties in following up friends’ posts. In other words, 
the cognitive cost increases with the out-degree. 

The functional form of the cognitive cost should be,    
( )C q q

                          
 (1) 

where q is the out-degree and   is a constant. 
The algorithm of the model is as follows:  
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(1)In each step, a new vertex i is added to the network 

with probability p, then the vertex i creates a new edge to 

an old vertex j with probability Π(kj). The vertex j 

reciprocates the vertex i with probability ρj, where the 

constant ρj is determined with each vertex.  

(2)On the other hand, with probability 1-p, an old 

vertex i is chosen with probability Ψi, then the vertex i 

creates an edge to another old vertex j in accordance with 

the preferential attachment rule and the vertex j 

reciprocates in the same manner. Let Ψi depend on the 

cognitive cost C(qi). It is simply assumed that Ψi∝C(qi)
-β 

where β>0, since vertices with smaller cost should create 

more out-going edges. Therefore    where K= αβ >0. 
ki(t) and qi(t) satisfies the following dynamical 

equation: 

= ( )+(1- ) ( )- (1- ) ( ) ( )i
i i i i

k
k p q p k q

t
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= ( )+ (1- ) ( )- (1- ) ( ) ( )i
i i i i
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 (3) 

It gets -(2 )( )p k k    
and -(2 )( )p q q    

in the 

large-degree range. 

III. AN IMPROVED MODEL OF MICROBLOGGING 

NETWORK 

The model of microblogging network in paper [19] 
ignored an important characteristic of the actual 
microblogging network evolution, which is the 
cancellation of the followers’ relationship. Users cannot 
concern over huge broadcast information when they follow 
an excessive numbers of other people and will choose to 
cancel the following of some users with their limited 
energy. Consider this feature of microblogging network, an 
improved model that considering the operation of deleting 
edges is proposed. 

The evolution process of microblogging network can 
be divided into following aspects. New users join in 
microblogging network through registration of new 
accounts. Then new users choose to follow their friends’ 
and favorite stars’ microblogging to obtain their latest 
news and opinions. These friends are followed, also in 
return they may follow these new users, and it is a kind of 
reciprocal follow. According to the statistical result[1], the 
rate of two users reciprocal follow each other reached 
22.1%. Old users will follow other old users when they 
used microblogging. Users need to spend a lot of time to 
find the interesting information when followed too many 
people, a mass of information is pushed in the face of them. 
However, human cognitive ability and time spent on the 
microblogging is limited every day, hence some user will 
choose to delete some following people, those people who 
follow more users are more likely to delete. 

The process of constructing the model for 
microblogging network is as follows. Microblogging 
network is a directed network. An individual B follows 
user A, we call individual B as a follower. We construct a 
directed graph G(V, E), where V represents the set of 
microblogging users and E represents the set of following 
relations of users. In order to easily understand the 
spreading of information, microblogging network is 
defined as follows. If user B is a follower of user A, a 
directed edge e is created from user B to user A. If user A 

and user B reciprocated follows each other, a bidirectional 
edge is created. 

A

B

C

D
 

Figure 1.  Follow relations of users. User A is a follower of user B, user 

D is a follower of user A, user A and user C reciprocated follow. 

Starting with m0 nodes and e0 edges, and in each step 
we perform the following three operations: 

(1)a new vertex i is added to the network with 

probability π1, m new edges are added to the network from 

the new vertex i to m different old nodes j. The vertex j 

creates a return edge to the vertex i with probability ρ. 

Where ρ is a constant, ρ∈[0, 1]. Old vertex j is selected as 

an end of a new edge with probability Π(kj). 

( )=
j

j

j

k
k

k



                            (4) 

(2)n new edges between old vertices are added to the 

network with probability π2. A vertex i is selected as an 

start of a new edge with the cognitive cost Φ(qi), a vertex j 

is selected as an end of a new edge with the preferential 

probability Π(kj). 

j

Φ( )

K

i

i K

j

q
q
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(5) 

(3)h old edges are deleted in the network with 

probability π3. Where π3=1-π1-π2. A vertex i is selected as 

a start of a deleted edge with the anti-cognitive cost Φ*(qi). 

A vertex i is selected as an end of a deleted edge with the 

anti-preferential probability ∏ *(ki). Where N(t) is the 

number of vertex. ∑iΦ*(qi)=1，∑i∏*(ki)=1. We will 

assume that π3<1/2, h<m, h<n so that the number of edges 

in the graph is indeed growing (on average). 

1
* ( ) (1 ( ))

( ) 1
i i

k k
N t
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(7) 

IV. ANALYSIS AND SIMULATIONS OF DEGREE 

DISTRIBUTION 

Applying mean field approximation, we get the 
following time evolution about the average in-degree. 

1 2

3

1 1 1

( ) [ ( ) (1 ( )) ( )]

1 ( ) 1 ( ) 1 ( )
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   (8) 

We can ignore Φ(qi) in the large-degree range[19] and 
thus (8) become 
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For large t, (9) become (10): 
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Thus, (10) become 
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The solution of (12) has the form 

0

( ) ( m )( )M

i

N t N
k t

M t M
                      (13) 

Then we obtain the in-degree distribution  
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where the exponent γ is called the scaling exponent of in-
degree, dependent of the parameter π1, π2, π3, m, n, h. The 
scaling exponent of in-degree in this paper is different 
from paper [19]. These different comes from the deletion 
of old edges. The scaling exponent of in-degree depends 
on the parameter π1, π2, π3 is more reasonable. 

We can ignore ∏(kj) in the small-degree range. The 
process is similar to the Reference [19].  

Applying continuous approximation, we get the 
following evolution about the average out-degree. 
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We can ignore Φ(qi) in the large-degree range and thus 
(15) become 

3 3
1 2 3

1 1 1

3 3
1 2

1 1

( )
( ) ( )

( ) ( ) (1 )

i i
i i

i

q h h k
m k n k h

t t t t

h h
m n k

t t

 
    

  

 
   

 

 
      



     

 

(17)

 
We assume (16) combined with (11), we obtain, 
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(18) combined with (13), we obtain, 
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The solution of (19) has the form 

0 0

( ) ( ) ( 1) ln + m - M

i

L t t L
q t N

M t t M
        (20) 

The out-degree has not an analytical solution. 

In Fig .1, π1=0.4, π2=0.5, π3=0.1, m=1, n=1, h=1, 
t=10000, ρ=0.2. Square means m0=10, e0= 10, the edges 
between the initial nodes are in turn connected; Round 
means m0=10, e0=20, the edges between the initial nodes 
are connected randomly; triangle means m0=20, e0=50, the 
edges between the initial nodes are connected randomly. 
The solid line is the analytical result. 

 
Figure 2.  In-degree distributions. 

 
Figure 3.  Out-degree distributions. 

Fig .2 shows the results of numerical simulation and 
the theoretical analysis results of in-degree. It can be easily 
found that the change of the initial network does not 
influenced in-degree distribution from the figure. We can 
find that the results of numerical simulation have a good 
agreement with the theoretical analysis results. 

In Fig .3, π1=0.4, π2=0.5, π3=0.1, m=1, n=1, h=1, 
t=10000, ρ=0.2。Square means m0=10, e0=10, the edges 

between the initial nodes are in turn connected; Round 
means m0=10, e0=20, the edges between the initial nodes 
are connected randomly; triangle means m0=20, e0=50, the 
edges between the initial nodes are connected randomly。 

Fig .3 shows the results of numerical simulation for 
out-degree. It can be easily find that the change of the 
initial network does not influenced out-degree distribution 
from the figure. 
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Figure 4.  Log-log scatter plot between in/out-degree. 

Fig .4 shows strong correlation between the in-degree 
and out-degree. This is in line with asymmetricity between 
distributions of the in-degree and out-degree[19] which is 
found in Twitter. 

V. CONCLUSIONS 

In this paper, we further explored the evolution 
mechanisms of microblogging networks. We have 
introduced the model that gives more realistic description. 
The model includes the addition of new nodes, the addition 
of new edges between old nodes, and the deletion of some 
edges. We have analytically calculated the degree 
distribution using the continuum theory. 

Microblogging network is a directed network and in 
satisfaction with the power-law distribution. These have a 
lot of similarities between web network and supply chain 
network, so the model can be referenced and applied in 
these networks. 

Building evolutionary models for the microblogging 
network is only one of the most basic works. In future we 
will study the propagation of information in the 
microblogging network. 
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