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In order to explore the evolution process of the Weibo local network, this study first defines four factors influencing
the evolution of the Weibo network. On this basis, the BA scale-free network model was enhanced by incorporating these
four factors and accounting for directionality, resulting in a Weibo local network evolution model based on user attributes
and behavioral similarity. The model’s validity was validated by comparing simulation results with real data. The findings
indicate that the Weibo local network exhibits both small-world characteristics and distinctive features. The results show
that the Weibo local network exhibits both small-world characteristics and distinctive properties. The in-degree distribution
follows a mixed pattern of exponential and power-law distributions, the degree-degree shows isomatching, and both the
in-degree centrality and eigenvector centrality values are relatively low. This research contributes to our understanding of
user behaviour in the Weibo network, and provides a structural basis for exploring the impact of Weibo network structure
on information dissemination.

Keywords: Weibo network, user similarity, attribute characteristics, network evolution, topology analysis
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1. Introduction
The small-world network model, as described in Ref. [1],

illustrates the phenomenon of high clustering coefficients and
short average path lengths observed in the real world. Barabasi
and Albert proposed a scale-free network model based on
growth and preferential attachment, detailed in Ref. [2]. Sub-
sequently, numerous extension models of BA scale-free net-
works were proposed.[3–8] One such a model, a local world
network model[3] was proposed, which allows for the ad-
justment of local world scale parameters, thereby enabling
the degree distribution to vary between index and power law,
parameters, thereby enabling the degree distribution to vary
between index and power law. Yijun Ran et al. discussed
link prediction techniques in network information mining,
with a focus on long-path networks. They introduce a new
SESPL index that significantly improves the accuracy of link
prediction in long-path networks and outperforms existing
similarity-based predictors in tests across 548 real-world net-
works. This research provides fresh insights into the mech-
anisms of network evolution and highlights the potential of
SESPL as an independent feature within traditional similarity-
based models.[9] In Ref. [10], Han and Qiao proposed a spa-
tially weighted network model based on expected traffic, in-
corporating the effects of geographic factors and node intrin-
sic fitness. This model aims to maximize the total expected
traffic within the network. By varying two parameters, con-
trol fitness and geographic constraints, the model can modify
its topological structure and demonstrate a range of statisti-
cal properties observed in real-world networks.[10] Bianconi

and Barabási proposed a fitness model[5] whereby the final se-
lection and connection probability is proportional to the prod-
uct of node fitness and degree. Considering the normal dis-
tribution of fitness and the exponential growth of the num-
ber of nodes, a stochastic network model[6] was introduced,
which can produce a double power degree distribution. So-
cial networks have been widely studied within the framework
of complex networks.[11–15] In recent years, with the rapid de-
velopment of online social networks (OSNs), there has been a
great deal of researches conducted on the structure and func-
tion of these networks,[16–22] the social structure of the Face-
book network has been studied, including the classification
coefficient and community structure based on different user
characteristics.[19] In order to reveal the formation mechanism
of OSNs, many models have been proposed. In Ref. [23],
the authors roposed a simple OSNs model and concluded that
it is important to consider different user categories. Based
on the local world evolutionary algorithm, an updated evolu-
tionary model[24] is proposed, which can describe the same
features as the OSNs features in real life. Weibo is a type
of OSN with complex network characteristics, that attracts a
large number of users to participate. Previous studies have
mostly focused on the topology characteristics and informa-
tion dissemination.[25–34] Zhang et al. investigated user par-
ticipation and social influence during information dissemina-
tion on Twitter. They developed a measurement method incor-
porating three metrics to evaluate users’ efforts in spreading
information and found that a small fraction of users with ex-
ceptional participation can exert significant influence, while
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the majority of users act as intermediaries in the propagation
process. This study underscores that existing topological mea-
sures may not fully capture individual influence and offers new
insights into the dynamics of information spreading.[35] There
is little research conducted on the real development process
and internal mechanism of the local Weibo user relationship
network. In order to describe the evolution law of local Weibo
network more accurate, this paper proposes a network evolu-
tion model based on user attribute and behaviour feature simi-
larity. The simulation results show that the model is capable of
better fitting various topological characteristics of actual net-
works.

2. Construction of network structure
2.1. A Weibo network model with two relationships

Abstracting users in Weibo into nodes in the network
and representing relationships between users as edges forms
a complex network. Following others is represented by the in-
degree of a node in the network (according to the direction of
information flow), being followed is represented by the out-
degree of a node, and mutual following is represented by a
two-way connection. As shown in Table 1.

Table 1. Two relationships.

Type Relationship

A→ B user B follows user A
B↔ C user B and user C follow each other

2.2. Model hypothesis

The construction of a network evolution model necessi-
tates the consideration of four types of changes in the network:
node addition, node removal, the addition of edges, and the
removal of edges. The following assumptions are proposed in
this article.

Node addition New nodes continue to join the network,
which is represented by new users signing up for Weibo ac-
counts in the real Weibo network. Therefore, when construct-
ing the Weibo network evolution model, it is assumed that a
new node joins the Weibo network at each iterative point in
time, or in other words, a new user registers for Weibo at each
point in time.

Node exit Existing nodes in the network leave the net-
work, as evidenced by the user’s account cancellation result-
ing in their no longer being logged in to the Weibo network.
In general, once a person starts using Weibo, they are unlikely
to cancel their account; thus, the phenomenon of node exit is
not considered when building the Weibo network model.

Addition of connected edges There are two main sce-
narios for increasing connected edges. One approach is to add
edges between new nodes and existing nodes. The other is to

add edges between existing nodes in the network. In the Weibo
network, this typically reflects users following others.

Removal of edges Removing existing edges in the net-
work. In the Weibo network, the likelihood of a user unfol-
lowing another user is low. From a psychological perspective,
fans are loyal audience groups with a high degree of stability.
Therefore, the probability of users unfollowing another user is
very small, and disconnected edges are not considered when
establishing the Weibo network evolution model.

Both mutual and unidirectional concerns are present in
Weibo networks. Based on the above model assumptions, a
directed network is constructed, which solely considers the
phenomenon of nodes joining and adding edges.

2.3. Factors affecting the formation of Weibo network
2.3.1. User attribute similarity

For a user u in Weibo, the user information contains a
variety of attribute information, which is marked as follows:

p = [n1,n2,n3,n4,n5, . . . ,nm] ,

where n1, . . . ,nm represent the attribute information of user u.
For two Weibo users u and v, the user attribute similarity

is calculated according to the attribute information between
them. The calculation formula is as follows:

sim (pu, pv) = ω1sim (un1,vn1)+ω2sim (un2,vn2)+ · · ·
+ωmsim (unm,vnm) , (1)

where un1 represents the first attribute information of user u,
ω1 represents the weight of the first attribute information, and
so on.

2.3.2. The similarity of social relationships

For one user u on Weibo, his followers and fans are
recorded as sets U and V , respectively:

U = {u1,u2, . . . ,un} ,
V = {v1,v2, . . . ,vm} .

The social relationship similarity between users u and v is cal-
culated according to the fan and follow information between
the two. The calculation formula is as follows:

simsoc (u,v) = ϕ1simfe (u,v)+ϕ2simfan (u,v) , (2)

where ϕ1 represents the weight of the following similarity, and
ϕ2 represents the weight of the follower similarity. simfe (u,v)
and simfan (u,v) represent the following similarity and the fol-
lower similarity, respectively,

simfe (u,v) =
|Uu

⋂
Uv|

log |Uu|2× log |Uv|2
, (3)

simfan (u,v) =
|Vu
⋂

Vv|
log |Vu|2× log |Vv|2

, (4)

where Uu is the follow set of user u, and Vu is the fan set of
user u.
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2.3.3. Interaction intimacy between users

For users u and v, the greater number of likes, retweets,
and comments between u and v, the more likely a relationship
is to be established between u and v. The interaction density
between u and v, denoted as ina(u,v), represents the degree
of interaction closeness between the two users, reflected in a
value within the range [0,1]. A higher value indicates a higher
degree of interaction density. The formula to calculate the in-
teraction density between users u and v is as follows:

ina(u,v) = 1− e−r, (5)

where,

r = ϑ1
Rn (u→ v)+Rn (v→ u)

2

+ϑ2
Cn (u→ v)+Cn (v→ u)

2

+ϑ3
Ln (u→ v)+Ln (v→ u)

2
,

Rn (u→ v) represents the number of Weibo retweets of user
u to user v, Cn (u→ v) represents the number of Weibo com-
ments of user u to user v, Ln (u→ v) represents the number of
Weibo likes of user v by user u.

If we define

R = Rn (u→ v)+Rn (v→ u) ,

C =Cn (u→ v)+Cn (v→ u) ,

L = Ln (u→ v)+Ln (v→ u) ,

then,

ϑ1 =
R

R+C+L
, ϑ2 =

C
R+C+L

, ϑ3 =
L

R+C+L
.

2.3.4. Initial attraction of nodes

New nodes joining the network receive different degrees
of attention. For example, celebrities joining the Weibo net-
work, will inevitably receive widespread attention, while or-
dinary people join Weibo network are unlikely to attract sig-
nificant attention. To describe this phenomenon, the initial at-
traction of nodes is defined. The initial attraction of a node
is drawn from the power-law distribution, and the calculation
formula is as follows:

Ai =

(
x

xmin

)−δ

, (6)

where Ai is the initial attraction of the node, 0 < x < 1,
0 < xmin < 1. x, xmin, and δ are parameters used to adjust
the power-law distribution.

Due to the characteristics of power-law distribution, this
distribution will reflect the phenomenon that the initial attrac-
tion of most nodes is low, while the initial attraction of a few
nodes is very high.

2.4. Network topology model considering four user at-
tribute information

For a user u on Weibo, their user information contains a
variety of attribute information. Here, we only consider four
kinds of attribute information, recorded as

pu = [n1,n2,n3,n4] ,

where n1 represents the domain information of u; n2 represents
the interest tag of u; n3 represents the location information of
u; n4 represents the age information of u. Then, for two Weibo
users (u,v), the formula for calculating user attribute similarity
is

sim (pu, pv) = ω1sim (un1 ,vn1)+ω2sim (un2 ,vn2)

+ω3sim
(
un3 ,vn3

)
+ω4sim (un4 ,vn4) , (7)

where sim (un1 ,vn1) represents the domain similarity between
u and v, ω1 represents its weight; sim (un2 ,vn2) represents the
similarity of interest between u and v, ω2 represents its weight;
sim

(
un3 ,vn3

)
represents the similarity of location information

between u and v, ω3 represents its weight; sim (un4 ,vn4) rep-
resents the age similarity between u and v, ω4 represents its
weight.

In order to calculate domain similarity, the domain tags
officially provided by Sina Weibo are classified by relevance
as shown in Table 2.

Table 2. Domain label classification.

Category Tags

Technology internet technology, science populariza-
tion, digital, science fiction

Culture and entertainment music, film, TV drama, anime, drama,
crosstalk

Sports sports, esports, athletics
Art photography, dance
Fashion and beauty fashion, design aesthetics, cosmetics
Health and psychology health, psychology
Education education, reading materials
Entertainment Korean star, variety show
Transportation aviation, automobile
Culture and arts traditional Chinese culture, calligraphy,

Chinese painting
History history
Lifestyle cuisine, travel
Animal adorable pets
Emotional emotions
Legal law
Collection collectibles
Real estate property
Maternity and parenting maternity and parenting
Public welfare public welfare
Combat sports combat sports, martial arts

If classification is considered as set K, and label is con-
sidered as set T . Then, let

K = {k1,k2, . . . ,k20} , T = {t1, t2, . . . , t20} ,
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then,

sim (un1 ,vn1) =


1, ki = k j & ti = t j,

0.5, ki = k j & ti 6= t j,

0, ki 6= k j & ti 6= t j,

(8)

where sim(un1 ,vn1) represents the domain similarity between
u and v. ki and k j represent the domains of the users u and v, ti
and t j correspond to the labels in ki and k j respectively.

The sim (un2 ,vn2) represents the similarity of interest be-
tween u and v. If the interest of user u is considered as set Iu,
then let

Iu = {i1, i2, . . . , in} ,

then,

sim (un2,vn2) =
|Iu
⋂

Iv|
|Iu
⋃

Iv|
. (9)

The sim
(
un3 ,vn3

)
represents the similarity of location in-

formation between u and v. In Weibo, the location information
is a “province/city” structure, where “province” is represented
as set P and “city” is represented as set C, then let

P = {p1, p2, . . . , p34} , C = {c1,c2, . . . ,c339} ,

then,

sim
(
un3 ,vn3

)
=


1, pi = p j & ci = c j,

1/3, pi = p j & ci 6= c j,

0, pi 6= p j & ci 6= c j,

(10)

where sim(un3 ,vn3) represents the similarity of location infor-
mation between u and v. pi and p j denote the provinces of the
users u and v, ci and c j correspond to the cities of pi and p j,
respectively.

The sim (un4,vn4) represents the age similarity between u
and v. The formula for calculating the similarity of age is as
follows:

sim
(
un4,vn4

)
= 1−

∣∣au−av
∣∣∣∣d∣∣ , (11)

where d indicates the maximum age difference, and au repre-
sents the age of the user u.

In order to construct a network model that adhers to the
evolutionary characteristics of the Weibo network, the evolu-
tion idea of the BA scale-free network is applied, and the many
above-mentioned factors that affect the formation of the Weibo
network are taken into account. The growth model is as fol-
lows:

The first step, Initial Network: The initial network has I0

nodes, To ensure network connectivity, these nodes are con-
nected end to end, and the network size is set to N according
to the research needs.

The second step, Growth Mechanism: Each time a new
node i and n+m new edges are added to the original network,

and when each new node i joins the network, bars are added
to the edge from the existing node to the new node. m bars
are added to the edge from the existing node to the new node
i. n edges from the new node i to the existing nodes in the
network. The direction of the arrow represents the direction of
information dissemination. If the m arrows point to the new
node i, it means that the i node pays attention to these nodes
and becomes their fan. when these nodes release the dynamic,
the node i will receive the message.

(i) The probability of the new node i being preferentially
connected to the original node j in the network, when adding
m edges where the existing nodes in the network point to the
new node i, can be expressed as

p j→i =

 k j

∑
t∈V

kt

α

+ sim (pi, p j) , (12)

where k j is the out-degree of the original node j; ∑t∈V kt rep-
resents the sum of the out-degrees of all nodes in the network;
α is an adjustable parameter used to reflect nonlinear preferen-
tial attachment; sim (pi, p j) is the attribute similarity between
the newly added node i and the existing node j.

(ii) When adding n edges from the new node i to the exist-
ing nodes in the network, the probability of the existing node
j in the network being connected to the new node i can be
expressed as

pi→ j = Ai + sim (pi, p j) , (13)

where Ai is the initial attractiveness of the newly added node i;
sim (pi, p j) denotes the attribute similarity between the newly
added node i and the existing node j.

The third step, Development Mechanism: For the nodes
i and j that exist in the network, add two-way edges between
the two nodes with probability pi j

pi j = β1× simsoc (i, j)+β2× ina(i, j)

+β3× sim (pi, p j) , (14)

where simsoc (i, j) represents the similarity of social relation-
ships between users i and j; ina(i, j) denotes the interaction
density between users i and j; sim (pi, p j) represents the at-
tribute similarity between users i and j; β1, β2, and β3 are
weight parameters.

Repeat steps 2 and 3 until the network grows to the de-
sired size. That is, the total number of nodes in the network is
N.

3. Experiment and result analysis
3.1. Weibo data

In order to verify the rationality of the evolution model,
we obtained the relationship data of the real Weibo network
for analysis and verification.
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The data set was obtained from Sina Weibo
(www.weibo.com). Based on Sina Weibo API, the snowball
sampling method was employed to collect user data and rela-
tionships. A specific user was selected as the starting point to
obtain personal information, messages, and relationships, and
then the dataset of their friends and followers was crawled.
this process was repeated until the desired number of users
has been reached. Profile information includes the user ID,
number of friends, followers, and fans. The relationship be-
tween Weibo users is the format of the user’s follow object ID
and user ID. Finally, the original data set was obtained. We
selected four users as the sampling starting point and obtained
four original datasets: A, B, C, and D, as shown in Table 3.

Table 3. Original dataset.

Dataset Users Relationships

A 108895 229999
B 115841 240189
C 125479 250140
D 130655 250001

Due to the large amount of data collected and the limi-
tations of Weibo data collection, the original user relationship
data in Table 3 cannot build a complete and closed network.
In order to facilitate the analysis of the topological character-
istics of the Weibo network, the original data set was further
processed. In this step, we refer to the processing method in
literature.[36] Four connected networks were constructed. Iso-
lated nodes are removed, forming a huge network. This pro-
cess resulted in four networks with 1078, 1086, 1021, and
1056 nodes respectively, which are recorded as Weibo net-
works a, b, c, and d, respectively. The basic topological prop-
erties of the four networks are shown in Table 4, where V rep-
resents the number of nodes, E is the number of edges, K is the
average degree, C is the clustering coefficient, L is the average
path length, M is the density. D is the diameter.

Table 4. Basic topological properties of Weibo networks a, b, c, d.

Network a b c d

V 1078 1086 1021 1056
E 15401 11508 8300 8690
K 14.3 10.6 8.1 8.2
C 0.062 0.059 0.072 0.127
L 3.21 3.57 3.86 4.12
M 0.0132 0.0098 0.0080 0.0078
D 9 11 10 11

Taking Weibo network a as an example, the average path
length is 3.21 and the diameter is 9. This means that, on av-
erage, information between any two users passes through 3.21
people, and a maximum of 9 people can connect any two users.

Weibo network a exhibits a shorter average path length, con-
sistent with the six-degree segmentation theory, and displays
small-world characteristics. The relatively short average path
length of Weibo indicates that information disseminates more
rapidly on this platform compared to traditional media and so-
cial networks.

3.2. Simulation

This section analyzes and compares the statistical char-
acteristics of four real networks and four simulated networks.
The number of nodes in the simulated networks is set to match
the real networks in Table 4. The remaining parameters of
the simulated networks are specified as follows: Na = 1078,
Nb = 1086, Nc = 1021, Nd = 1056, ω1 = 2, ω2 = 2, ω3 = 1,
ω4 = 1, ϕ1 = 1, ϕ2 = 1, δ = 2.5, α = 1.2, β1 = 0.3, β2 = 0.3,
β3 = 0.3.

The above parameters are set for the following reasons.
Because the research purpose of this article is to explore the
evolution process of the local Weibo network, the goal is to
propose a model that requires the simulated network generated
by this model to be close to the network generated by real data
in terms of network characteristics. In order to achieve this,
the network characteristics of the real network were counted
before the simulation experiment. Based on these character-
istics, some experience values are assigned during simulation
and adjustments are made continuously. In the process of con-
tinuous adjustment, different parameters will generate differ-
ent networks, but our goal is to find suitable model parame-
ters so that the generated network is close to the real Weibo
network. Therefore, the final selection is the most appropri-
ate parameter after continuous adjustment. Make the network
generated by simulation close to the real network.

3.2.1. Global properties

The initial network lacks any distinct network character-
istics. As the edges and nodes increase, the network struc-
ture gradually develops certain characteristics. The growth of
edges in the network is driven by the following factors: new
nodes preferentially connect to existing nodes; existing nodes
form edges with newly added nodes based on their similar-
ity and attractiveness; and internal nodes establish two-way
edges based on the comprehensive influence of social relation-
ship similarity, interaction closeness, and attribute similarity.
Therefore, edge growth does not solely originate from newly
added nodes; it also arises from interactions between exist-
ing nodes. This reflects the actual behavior of Weibo network
users.

Table 5 shows the topological statistics of the simulated
network generated by the model. The results demonstrate a
high degree of consistency with the real network in terms of
several topological characteristics. In the following sections,
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we will compare the following topological properties of real
and simulated networks: degree distribution, degree–degree
correlation, average shortest path length distribution, and cen-
trality.

Table 5. Topological statistics of simulated networks.

Network a b c d

V 1078 1086 1021 1056
E 13482 10240 8052 8357
K 12.5 9.43 7.96 8.0
C 0.017 0.014 0.012 0.012
L 3.21 3.46 3.72 3.77
M 0.0116 0.0087 0.0079 0.0076
D 6 6 7 7

3.2.2. Degree distribution

The most basic topological characteristics of the net-
work can be expressed by its degree distribution P(k). De-
gree distribution analysis describes the degree of interac-
tion between users. As shown in Fig. 1, the degree dis-
tribution curve P(k) follows a mixed distribution that ad-
heres to both exponential and power laws, which is consis-
tent with empirical data and previous theoretical research.
The CCDF (cumulative distribution function) curve approxi-
mately follows a power law distribution. As shown in Fig. 2,
In this case, the curve is steep at the beginning, indicat-
ing that there are a large number of nodes with lower de-
grees in the network. As the degree increases, the curve

Real network a
Real network b
Real network c
Real network d
Simulative network a1
Simulative network b1
Simulative network c1
Simulative network d1

10-1

10-2

10-3

10-4

101

p
k

k

Fig. 1. Entrance distribution.

k

Real network a
Real network b
Real network c
Real network d
Simulative network a1
Simulative network b1
Simulative network c1
Simulative network d1
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gradually becomes flatter, indicating that there are relatively
fewer nodes with higher degrees. This pattern means that there
are a few popular users who receive widespread attention in
the Weibo network, while most users have a small number of
fans or followers. This phenomenon aligns with real-world
observations.

3.2.3. Degree–degree correlation

The degree–degree correlation reveals the characteristics
of the second-order degree distribution of the network. Several
methods can capture this correlation. One method for obtain-
ing the degree–degree correlation is to examine the properties
of the degree correlation function Kn,n. Defined as

Kn,n (ki) =

∑
j∈Γ (i)

k j,i

k
, (15)

where Γ (i) represents the set of neighbors of node i. If this
function is increasing, the network exhibits assortativity. Con-
versely, if the function is decreasing, the network is disas-
sortative. The degree ki, Kn,n can be plotted on the graph to
describe the overall assortativity trend of the network. Real
social networks (such as Facebook) are often associated with
assortativity.[20] Figure 3 displays an increasing trend, indicat-
ing assortativity among Weibo users in real life, meaning that
most users tend to establish relationships with others of equal
or greater status. Additionally, the simulated network also ex-
hibits assortativity, which is consistent with the real Weibo
user network.
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Fig. 3. Out-degree–degree correlation.

3.2.4. Average shortest path length distribution

The average shortest path length of a network is defined as
the average shortest distance between any two nodes. Figure 4
shows the shortest path length distribution for both the real
and simulated networks. In the real network, most distances
are between 3 and 5, which demonstrates the small-world na-
ture of the local Weibo network. This characteristic is also
evident in the simulated network.
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Fig. 4. Average shortest path length distribution.

3.2.5. Centrality

As shown in Figs. 5 and 6, the overall centrality values
of both real and simulated networks are relatively low. This
is because there are a small number of highly influential users
on Weibo, whose posts, behavior, and communication ability
have an important impact on the network as a whole. While
nodes corresponding to these high-impact users have relatively
high centrality values, their proportion in the overall nodes is
relatively low, resulting in lower overall centrality values. The
value ranges of the two centrality indicators of the simulated
network are more concentrated, while those in the real network
are more dispersed. This also reflects the complexity of social
relationships. Weibo, as a complex social network platform,
features a complex web of relationships between users. The
value range of the centrality of the real network is relatively
scattered, reflecting the differences between Weibo users and
the diversity of the network. There are differences in the influ-
ence, popularity, and information dissemination ability of dif-
ferent users in the network, as well as the uncertainty of estab-
lishing contribute to the wide distribution of centrality values.
On the other hand, the simulated network incorporates the spe-
cific attributes of Weibo network users, introduces a particular
connection mechanism, and employs a specific network evo-
lution model. Given its more controlled factors, the centrality
values in the simulated network are more concentrated. Ad-
ditionally, some nodes in the simulated network have higher
centrality values compared to those in the real network. This
discrepancy may be due to the fact that as more users join
Weibo, early participants or users with specific advantages
might accumulate more attention, interaction, and influence,
resulting in higher centrality values for these nodes. Based on
the evolution idea of the BA scale-free network, the ‘rich-get-
richer’ effect is evident, which is consistent with both theory
and observed phenomena. Although the centrality indices in
the simulated network differ from those in the real network,
the simulation captures the real network’s characteristics rel-

atively well, evident in the lower centrality values shared by
both networks.
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Fig. 5. Degree centrality.
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Fig. 6. Eigenvector centrality.

4. Conclusion
This paper proposes a local Weibo network evolution

model based on the similarity of user attributes and behavioral
characteristics. First, it abstractly defines four factors that af-
fect the evolution of Weibo network. Building on this founda-
tion, the BA scale-free network model was modified to incor-
porate these four factors and account for directionality, con-
structing a Weibo local network evolution model based on user
attributes and behavioral similarity. By comparing the simu-
lation results with empirical data, the validity of the model is
confirmed. The results show that the local Weibo network not
only has small-world characteristics, but also has some special
properties. These include the in-degree distribution following
a mixed distribution of exponential and power law, the degree–
degree correlation demonstrating isomatching, and both the in-
degree centrality value and the characteristic vector centrality
value being relatively low. This research contributes to our un-
derstanding of user behaviour in the Weibo network, and pro-
vides a structural basis for exploring the impact of the Weibo
network structure on information dissemination. However, it
should be noted that this model has multiple parameters, re-
flecting a complex generation process. There are certain dif-
ferences between the simulation network and the real network.
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With some parts of the simulated network having higher cen-
trality values than those of the real network, and the clustering
coefficient being smaller in the simulated network than in the
real network. Therefore, future research should aim to develop
more concise and analyzable evolutionary network models.
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