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+e power of online social networks to propagate information within communities and from one community to the next is
undeniable. Both network structure and information propagation affect each other; they restrict and cooperate with each other.
However, they can also dynamically reshape the network topology of user’s social relationship in this process. +e above process
ultimately forms a feedback loop: the network structure affects how information spreads, while information propagation reshapes
network topologies, so both evolve in concert over time. Using information propagation trees (IPT) of posts from the Sina Weibo
microblogging site, we conducted a null model-based analysis to determine the influence of community structures on information
propagation. We first generated randomized copies of the IPTs and then mined community structures from the originals and
copies for comparison. An in-depth examination of the results in terms of improved significant profile, the length of information
propagation path, and the relevance of the nodes in the propagation path indirectly reveals the inhibitory effect of community
structures on information propagation.

1. Introduction

+e way people gain and propagate information has un-
dergone revolutionary changes with the advent of Web 2.0.
Users are no longer just consumers of information; they are
also its producers, disseminators, and critics [1, 2]. In no
small part, social networks have shaped these new modes of
communication. Arguably, social network platforms are
now the mainstream of information publishing. However,
beyond forming huge interpersonal networks of friends new
and old where information is shared, social networks can
burgeon information feedback mechanisms [3, 4], and a
good recent review is information cascades in complex
networks [5].

According to Yang et al. [6], the more people interact,
the more information that is propagated, and the more
information that is propagated, the more that people in-
teract. As time goes by, this cyclical phenomenon propagates
more and more information both dynamically and collab-
oratively. For the purpose of empirically studying the

influence of information propagation on network topologies
and vice versa, we need to study the phenomenon caused by
information dissemination and analyze the main factors that
affect the propagation of information [7, 8]. Understanding
that phenomena and factors might be the key to controlling
rumor mongering on the web [9, 10]. +is paper utilizes a
null hypothesis-based IPTnull model to research the laws of
information propagation and the impact of community
structures on information dissemination, further finding
answers from an in-depth case analysis of Sina Weibo.

We all know the maxim “birds of a feather flock to-
gether.” +is is concept sociologists use to describe how
people with same or similar interests, hobbies, habits, values,
and so on to interact and establish corresponding social
relations. Studies show that the same applies to the virtual
world [11, 12], and particularly to social networks. Online
communities tend to revolve around particular values, which
can reveal clues about their composition, structural features,
functional properties, and dynamics in different granular-
ities [13, 14]. For example, the online fan groups

Hindawi
Discrete Dynamics in Nature and Society
Volume 2021, Article ID 8325302, 12 pages
https://doi.org/10.1155/2021/8325302

mailto:jsjxcuilin@126.com
https://orcid.org/0000-0002-4766-6198
https://orcid.org/0000-0003-3494-0650
https://orcid.org/0000-0002-1001-7821
https://orcid.org/0000-0001-8216-3708
https://orcid.org/0000-0003-0045-8540
https://orcid.org/0000-0002-4985-1426
https://orcid.org/0000-0003-1288-2621
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2021/8325302


(communities) of different film or movie stars in SinaWeibo
represent the offline real groups formed based on same
interests and common idol. Perception and prediction of
information propagation in online social networks, in-
cluding microprediction of individual’s perspective on
whether a person can disseminate information, medium
prediction of discussion topic activity and propagation of
local community groups, and macroprediction of infor-
mation propagation breadth, depth, and speed in global
perspective, play an important role in effectively under-
standing and developing online networks, which lay the
foundation to further formulate corresponding control
strategies to prevent rumors and other fake information
dissemination, while releasing positive energy information
for guidance [15, 16].

However, today’s internet is far more complex than it
used to be [5]. +e applications and platforms that form
online communities commonly span many disciplines,
hence conducting research in those social networks in-
creasingly requires interdisciplinary integration [17]. In
terms of application, recent research has shown that in-
fluence has important application in social networks in
[17]. Moreover, the lines between online and offline net-
works are blurring, network structures are becoming ever
more dynamic, and single networks are merging to form
multiple networks, mega networks, and multilayer
monolithic networks. All these things only add to the
challenges of the uncertainty of revealing the laws and
patterns of information propagation and the difficulty of
mining communities from the network and lack the cor-
responding comparative benchmarks for a specific online
social network, such as Sina Weibo and Twitter, while the
research on related social science issues is also more dy-
namic and systematic [15].

For these reasons, the null hypothesis in statistics is
extended for analyzing the characteristics of Sina Weibo
IPTs, which is highly likely that many of the findings in
studies are from the Web 1.0 era, such as [15, 18, 19], no
longer apply, and the laws and patterns of online infor-
mation propagation have never been comprehensively
mapped. In view of issues aforementioned, we studied the
null model with different orders of IPTs in our previous work
[20, 21] and explored a triad percolation method for
community detection in [11], respectively.

Our objective with this paper is to comprehensively
analyze how community structures can influence infor-
mation propagation. To accomplish this goal, we conducted
a null model analysis using Tsinghua University’s Sina
Weibo dataset (https://github.com/garnettyige/datasets),
which contains information propagation trees (IPTs) that
trace the real-world spread of information on topics from
politics to fashion. To generate a null model, we generated a
second dataset containing randomized copies of the Sina
Weibo IPTs.+en, wemined community structures from the
IPTs in both datasets and compared the results. +e dif-
ferences between the two in terms of significant profile
should reveal the phenomenon of information propagation
and show us how community structures affect information
dissemination.

However, the main differences between the IPT null
model and the traditional information propagation models
is that the IPTnull model can produce randomized copies of
a real IPT, and the IPT randomized copies contribute to the
benchmarks needed for comparative analysis. Besides, a
traditional statistical analysis would not produce reliable
results about the rules and laws of information propagation.
+erefore, the analysis of IPT information dissemination
based on the null model is more universal for the analysis of
different topic information, especially for the dissemination
analysis of network emergencies without reference
benchmarks.

+us, the three main contributions this research makes
to the literature include

(1) A null-model empirical analysis that reflects how
community structures can influence information
propagation

(2) A null model that can generate a randomized copy of
an IPT, and a community detection algorithm based
on triad percolation that can discover the commu-
nities contained in both the original IPT and a
randomized copy

(3) A method for integrating triad percolation com-
munity detection and IPTs to conduct null model
analyses

+e remainder of this paper is organized as follows.
Section 2 illustrates the research results and works related to
the topic of this article. Section 3 introduces preliminary of
the Sina Weibo IPTs, motivating force and ideas. Section 4
outlines the IPT null model and evaluation metrics. In
Section 5, purpose experimental analysis is reported, and
Section 6 offers concluding remarks and sheds light on
future research directions.

2. Related Works

+ere has been much fruitful research on information
propagation in social networks, with many models
attempting to explain how information spreads and stops
spreading through communities. Among these models,
perhaps the most basic and common is the infectious disease
model, which studied the disease transmission speed, spatial
range, transmission route, and dynamic mechanism of in-
fectious diseases, so as to guide the effective prevention and
control of infectious diseases. Likewise, the influence of
communities on information propagation has also been
studied extensively, with tree-based models, including IPTs,
at the fore of these efforts. Hence, the relevant literature on
each of these models is briefly reviewed in this section.

2.1. How Communities Shape Information Propagation: $e
Infectious Disease Model. +e most classical propagation
model in the field of information propagation is the in-
fectious disease model [18]. +is model divides the pop-
ulation into different categories or partitions for different
stages of the disease. Pastor-Satorras et al. [19] modeled
information propagation in social networks by simulating
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infection processes in complex networks, focusing on the
main modes and outcomes of “disease” transmission. +eir
results have universal significance. Cannarella and Spechler
[22] used the extended irSIR infectious disease model to
explain in detail how information in Myspace and Facebook
is taken up and discarded.

In response to observations that there was very little
extensive research on the propagation of rumors in online
social networks [22, 23], Lind et al. [24] proposed a basic
rumor propagation model that introduces two variables: one
indicating the maximum mean probability that two nodes
will exchange a rumor with each other, and the other in-
dicating the minimum propagation time required for the
above exchange process to take place [25]. To investigate
how inherent information propagation rates and the non-
linearity of online social networks affect rumor dissemi-
nation in scale-free social networks, Roshani and Naimi [26]
proposed a general SIS-based rumor propagation model.
Myers and Leskovec [27] studied competition and coop-
eration between different types of information propagation
in the real world and found that competitive propagation
may reduce the probability that information will spread,
while cooperative information dissemination positively in-
fluences whether a person will pass on information.

Although these infectious-disease-type models have had
remarkable research consequences [24, 26–28], the results
are mostly macroinsights, for example, the number of
susceptible populations, the number of groups infected, and
the quantity of recovered. +e factors that intrinsically in-
fluence the spread of information have not yet been studied
in depth.

2.2. How Information Propagation Reveals Communities:
Tree-Based Models. +e propagation paths left by infor-
mation in online social networks can be used to reconstruct
network communities. A typical way of representing these
paths is with IPTs. Yi et al. [29] redefined the concept of
event outbreaks in social networks based on IPTs. With
them, they mined the key predictors of event outbreaks in
social networks, with research results that have significantly
improved the accuracy and timeliness of microblog event
outbreak prediction. Fabrega and Paredes [30] analyzed the
“three degrees of influence” phenomenon on Twitter, re-
vealing that more than 90% of microblog posts only spread
through three or fewer degrees of a network. However,
further research by Rodrigues et al. [31] shows that the
spread width of the URL propagation tree in Twitter is
significantly greater than its depth; moreover, the spread
width about 0.1% of IPT is larger than 20, while the height
about only 0.005% of the IPT is greater than 20. +us, the
phenomenon of high width and low depth appears, which is
in sharp contrast to the phenomenon of narrow width and
high depth mentioned in [32]. In response to the findings of
Rodrigues et al. [31], Golub and Jackson [33] conducted a
study in the structural characteristics of online IPTs, and
they found that different strategies could fundamentally
change how information was disseminated via e-mail—a
question first raised by Liben-Nowell and Kleinberg [32].

2.3. Null Models and Network Analysis. As is well known, in
statistics, a network G with property P, such as average
degree and clustering coefficient, also has a certain property
Q, which is the null hypothesis. To verify the null hypothesis,
it is necessary to construct randomized copies of the network
with the same number of nodes and the same property P as
benchmarks for comparison collectively referred to as the
null model.+en, if the null model also has the propertyQ,Q
must be a representative feature of this type of network.

Null models are widely used by academic researchers.
For example, Maslov and Sneppen [34] applied a null model
to study the specificity, stability, and topological charac-
teristics of protein interaction and gene regulation networks.
Maslov et al. [35] proposed a general scheme for analyzing
and discovering topological patterns in large-scale complex
networks that involves measuring the correlations between
neighboring nodes. With their method, they proved that the
characteristics of a community in a network closely relate to
the degree distribution and correlation profile of the
network.

Without loss of generality to topological characteristics,
we use a null model to generate randomized copies of the
Sina Weibo IPTs. +en, by mining the communities in the
original IPTs and the copies and comparing the results in
terms of significant profile, propagation distance and
burstiness, we can determine the laws of information dis-
semination and how community structures affect infor-
mation dissemination.

3. Preliminaries and Motivations

3.1. Information Propagation Tree. Consider a microblogger
who posts a message that is then forwarded by his friends
and friends of friends, and so on. In the representation of an
IPT, as shown in Figure 1, the user is the tree’s root node
(yellow), the friends are the green and gray nodes in the next
layer down; the friends of friends are nodes in a layer below
that, and so on, and the directed arrows indicate the
propagation paths. +e gray nodes signal that the infor-
mation was passed on. A comprehensive description of the
process for constructing IPTs is provided in [29] and the
authors’ previous works [20, 21].

3.2. Null-Model Analysis. We have two overall goals with
this research. +e first is to gain an in-depth understanding
of the factors that promote or inhibit the spread of infor-
mation through communities. And, the second is to identify
whether how the spread of information shapes communities
in turn. To explore these questions, we chose a null model
analysis for three key reasons.

(1) Null models are an important type of the stochastic
model that can be used to compare a specified model
with the randomized theoretical model. To deter-
mine the role of a variable or mechanism, it is
necessary to determine whether the model itself or
the index correlated to the variable is significantly
different from the null model and its related pa-
rameters [33]. Our variable is node connection
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probability, and we want to confirm that the com-
munity structure in the IPT has an impact on in-
formation diffusion by fully applying the advantages
of a null model test.

(2) +e propagation of information or the occurrence of
events is accidental. Due to the accident, the events
seem to be correlated with each other, such as the
information forwarding between users. However, it is
still considered that their relationship is irrelevant in
statistics, and so it is still appropriate to describe their
relationship with the null hypothesis in statistics.
Fortunately, the null model is based on the null hy-
pothesis of occasionality in statistics. +us, the cor-
relations between events are reliable and considerable.

(3) In practical terms, IPTs can only ever show a small
part of how and where some information spread.+e
Sina microblog IPTs contain millions of nodes and
edges, but still, this is almost certainly just a fraction
of these bloggers’ social networks and whom they
may have shared the information with. Hence, a
traditional statistical analysis would not produce
reliable results about the rules and laws of infor-
mation propagation. However, by analyzing ran-
domized copies of IPTs generated with a null model,
we can considerably generalize the data to improve
the reliability of the results.

3.3. Datasets. For our empirical analyses and tests, we used
IPTs from the Sina microblog prepared by Tsinghua Uni-
versity (https://github.com/garnettyige/datasets). +e data-
set contains 340 IPTs, each fully tracing the dissemination of
one piece of information. In total, the 340 IPTs involve
4,469,809 nodes (users) and 4,469,469 directed edges
(propagation paths). +e topics of discussion cover social
issues, economy, sports, technology, fashion, health, and
culture. Further details about the dataset are available at [29].

3.4. Motivations. Although the information propagation in
online social networks, such as Sina Weibo, Twitter, and
Facebook, has been extensively explored, existing research

studies more often than not focus on statistical analysis
based on the network structure itself and lack a unified and
scalable information dissemination analysis model. An IPT
of Sina Weibo indicates the real and complete path of a
microblog information in the Sina Weibo microblogging
site, and we apply the null model to IPTs of Sina Weibo and
then analyze the structure characteristics of IPTs, including
community structures, so as to realize the analysis of in-
formation propagation indirectly. Moreover, the null model
is the premise of IPTs’ analysis, which is extensible and can
be served as a random benchmark for comparative analysis;
it also has the advantage of computational complexity in the
process of verification and comparison between the pro-
posed algorithm and random variation method.

4. Methods and Metrics

+is section sets out the analysis methods and settings used
in the analysis.+e key to constructing a good null model for
IPTs is the edge rewiring strategy, which begins the section.
We then discuss the community detection process and
conclude with the metrics used to evaluate the results.

4.1. Null Model Edge Rewiring Strategy. +is section aims at
the influence of the community structure in online social
networks on information propagation, combined with au-
thors’ previous research results and construction process of
Sina Weibo IPTs’ T [20]; the nodes in the lower layer of the
randomized copy Tr of T acquire information from the
nodes in the upper adjacent layer with a certain probability
P, and the nodes degree in T follows the power-law dis-
tribution [20]. As a result, the edge rewiring strategy adopted
in this paper is the extension and application of Price
[36, 37], and the lower layer nodes in two adjacent layers of
Tr obtain information from the upper layer nodes with
probability P, that is, each node in the lower layer selects a
node from the upper adjacent layer with probability P as the
starting point of information propagation directed edge.

In prior work related to this research, the authors have
designed three kinds of null models for IPTs based on the
correlations between nodes, cascading rates, and the
burstiness of information propagation. +e three models are
a statistical constrained 0-order null model, a random-
rewire-broken-edges 0-order null model, and a random-
rewire-broken-edges 2-order null model. More details on
each of these models can be found in [20].

In this paper, we combine the edge rewiring strategy
illustrated in our previous work [20], redefining the edge
connection probability P of Tr as per the following equation:

Pi �
k
→

i + 1 


Nlevel
j�1 k

→
j + a 

, (1)

where ki

→
represents the out-degree of node i in level-th layer

of Tr, Nlevel indicates the number of nodes in level-th layer,
and a is a constant used to regulate the preferential choice
mechanism and the connection probability between nodes.

…...…... …… ……

Figure 1: Example of an IPT. +e yellow root node is the user who
posted the original message. Gray nodes are users who spread the
information (propagation nodes) and green nodes indicate users
who did not spread the information (terminal nodes) [20]. +e
directed arrows show information flows. Hence, an IPT is also a
subgraph of the social networks formed by users, i.e., one of the
subgraphs of the user’s circle of friends.
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In terms of the nodes in two adjacent layers, node j in the
lower layer selects node i from the upper adjacent layer with
probability Pi as the starting point of information propa-
gation with node j as the endpoint, as indicated by the
directed edge i⟶ j. Moreover, the randomized copy Tr of
T established by P has the characteristic of community as
explained in [20, 36, 37].

Just as some posts “go viral,” others go nowhere—not
one person forwards the information. While authentic,
analyzing information that does not spread at all is not useful
for our purposes.+erefore, to avoid this situation occurring
in a random copy, we set the value of a to 1. +us, equation
(1) can be simplified as follows:

Pi �
k
→

i + 1 


Nlevel
j�1 k

→
j + 1 

, (2)

Pi �
1

Nlevel
. (3)

Intuitively, equation (2) can be further reduced to
equation (3) for the initial state of the IPT, which is exactly
consistent with the power-law distribution of the degree of
nodes in social networks. Hence, it is guaranteed that the
randomized copy of the IPT will carry the same community
characteristics as the original with this edge rewiring
strategy. +e algorithm for generating the randomized IPTs
according to this proce1.

4.2. Community Detection in IPTs. As is common knowl-
edge, online social networks in the real world are sparse, and
the degree of nodes follows the power-law distribution.
+erefore, in reality, it is not wise to rely on there being a
k-clique [38] or a largest clique [39]. However, each node
must be contained in an open triad or a closed triad, without
considering single free nodes or single edges in the network.
For simplicity, in this paper, all nodes are located in open
triads, and all communities were found in the following
manner: (1) all open triads are extracted from the IPT; (2)
using a triad percolation method similar to CPM [38], an
initial community is formed by expanding a selected open
triad as an initial seed; (3) an IPTcommunity was formed by
iteratively expanding the initial community until no com-
munity could meet the criteria for being deemed a com-
munity detailed in [20]; (4) the above process is repeated
until there are no open triads. Figure 2 illustrates the full
procedure.

4.3.EvaluationMetrics. We use twometrics in our empirical
analysis: (1) cascade rate (CRP) along the information
propagation path to measure the information that escapes a
community; (2) significant profile measures the statistical
significance of the difference between a specific length/
cascade rate that occurs in the original IPT compared to its
copies. Each is explained in more detail below.

As a measurement for null model comparison, signifi-
cant profile measures the degree correlation between two

connected nodes. However, when analyzing the impact of
communities on information propagation, it is not only
necessary to consider the information dissemination within
a community but also the information dissemination be-
tween the communities, which the degree correlation cannot
measure.

To extend the traditional significant profile for this
purpose, we introduce the cascade rate (CRP) along the
information propagation path to measure the information
that escapes a community. CRP explains the relationship
between the degree correlation of an information propa-
gation path (IPP) and the length of those paths. CRPs are
calculated as follows:

CRP(j) �
i∈IPP k

→
i

n∈N k
→

n

, (4)

where N is the set of nodes contributing to the total CRP of
an information propagation path of length j. After all, we
take the mean value SP(j) of the M IPPs with the same
length of j as the final cascade rate of the IPPs with a length
of j, where M represents the total number of IPPs with
length j in an IPT, and SP(j) is defined in the following
equation:

SP(j) � 
M

j�1

CRPi(j)

M
. (5)

However, SP(j) not only explains the correlation be-
tween the length of the information propagation path and
the nodes but also reflects the depth of the information
propagation. Correspondingly, the R-value R V of the
cascading rate of the information propagation paths is de-
fined as follows [20]:

R V(j) �
SP(j)

SPr(j)
, (6)

where SPr(j) is the counterpart of SP(j) in the randomized
copy of an IPT. In addition, when R V(j)> 1, the length j of
the information propagation path is positively correlated
with the degree correlation of the nodes, and negatively
correlated otherwise.

Without loss of generality, we further measure the
statistical significance of the difference between the fre-
quency with which an information propagation path of a
specific length/cascade rate occurs in the original IPT
compared to its copies. For this metric, we employ the
statistics Z-test and the Z-value definition of the Z-test, as
shown in the following equations [20]:

Z V(j) �
SP(j) − SPr(j)

σrp(j)
, (7)

Z Pj �
Z V(j)

 Z V(i)2 
1/2, (8)

where σrp(j) is the standard deviation of SPr(j) of the in-
formation propagation path of length j in the copy andZ V(·)

is the Z-value of all information propagation paths in an IPT.
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+e larger the absolute value of the Z-value, the greater the
difference and vice versa. Again, we extended the traditional
significant profile by adding the R-value and Z-value of degree

correlation as well as theR-value andZ-value of the CRP on the
same plane figure, which we call as extended significant profile
(ESP). Algorithm 2 summarizes the metric calculations.
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Figure 2: Community detection procedure in an information propagation tree with the triad percolation. (a) An example IPT; (b) open
triads extracted from the IPT; (c) the procedure: first, an open triad is selected randomly as the initial seed for community C. +en, an open
triad ot is selected and merged into C if ot and C have the same edge, and a new community C′ comes into being. Finally, C � C′. +e above
process is repeated until the community meets the evaluation criteria detailed in [11], or there are no more open triads need to be merged;
(d) the final community partition.

Input: T, an IPT.
Output: Tr, the corresponding randomized copy of T.
(1) Initialization: Starting from the root node of T, the nodes in each layer of T are copied layer by layer to Tr.
(2) Acquire the node set N of each layer of Tr, N � N1, N2, . . . , Nn , where Ni(1≤ i≤ n) stands for the node set of ith layer in Tr.
(3) for each Ni ∈ N do
(4) for each node v ∈ Ni+1 do
(5) m�A node is randomly selected from Ni with the probability Pi � (1/|Ni|) in equation (3).
(6) A directed edge m⟶ v is established in Tr.
(7) Ni � Ni − m.
(8) end for
(9) end for
(10) return Tr.

ALGORITHM 1: NMRC-IPT: null model-based algorithm for generating the randomized copy of an information propagation tree. +e
algorithm will generate a randomized copy Tr of the IPT T according to the edge rewiring strategy detailed in equation (3).
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4.4. Prior Results. +is paper extends the results of prior
work to explore the information dissemination mode and
how community structures influence on information
propagation in the Sina Weibo microblogging site. +e basic

analyses of propagation width, propagation depth, degree
distribution, degree correlation, R-value and Z-value of
degree correlation, and R-value and Z-value of CPRs can be
found in [20, 21]. +ese tests show that the network

Input: T, an IPT.
Output: the extended significant profile (ESP) of T.
(1) +e randomized copy Tr of T is generated by NMRC-IPT detailed in Algorithm 1.
(2) Community detection in T and Tr by utilizing the method detailed in Section 4.2. And, the community partition of T and Tr is

CT � ct1, ct2, . . . , ctm  and CR � cr1, cr2, . . . , crn , respectively.
(3) for each cti ∈ CT do
(4) +e R-value R V of cti is calculated by equation (6).
(5) R Vt � R Vt⋃R V.
(6) +e Z-value Z V of cti is calculated by equation (8).
(7) Z Vt � Z Vt⋃Z V.
(8) end for
(9) for each cRi ∈ CR do
(10) +e R-value R V of cti is calculated by equation (6).
(11) R Vr � R Vr⋃R V.
(12) +e Z-value Z V of cti is calculated by equation (8).
(13) Z Vr � Z Vr⋃Z V.
(14) end for
(15) +e mean value of R Vt, Z Vt, R Vr and Z Vr is calculated as R Vta � (R Vt/|CT|), Z Vta � (Z Vt/|CT|),

R Vra � (R Vr/|CR|), and Z Vra � (Z Vr/|CR|), respectively.
(16) +e R-value and Z-value of degree correlation and the R-value and Z-value of the cascade rate of IPPs are also calculated, and

plotting them on a same plan figure together with R Vta, Z Vta, R Vra, and Z Vra, as shown in Figure 3, i.e., the extended
significant profile.

(17) return the ESP calculated in 16.

ALGORITHM 2: Null model of IPT-based information propagation analysis. Firstly, a randomized copy of the IPT is generated; then, the
corresponding R-value and Z-value in the extended significant profile are calculated by equations (6)–(8); finally, the obtained R-value and
Z-value are drawn on the same plane, so as to acquire the ESP for analyzing the laws and patterns of information propagation.
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Figure 3: An example of extended significant profile [20]. +is figure shows one example of an extended significant profile, i.e., the R-value
and Z-value of degree correlation and the R-value and Z-value of the CRPs, which can be employed for analyzing the laws and patterns of
information propagation.
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topological structure played a decisive role in the infor-
mation dissemination, and both the R-value and the Z-value
of degree correlation are far less 1.0, and the connection
between nodes with small out-degree ∈ [1, 5] are strong
restrained, while the connection between nodes with
moderate out-degree ∈ [7, 10]) are weak restrained, and
such weak connections also exist in nodes with bigger out-
degree ∈ ([10,∞). +e degree of nodes reflects the local
aggregation of the network, which is the basis for the for-
mation of community structures. All of the above have a
direct guidance on the community detection and infor-
mation dissemination analysis in this paper.

In the next section, we will conduct empirical analysis on
Sina Weibo IPTs in terms of community partition modu-
larity and explore how communities affect the information
dissemination.

5. Empirical Analyses and Discussion

Our analysis begins with community characteristics analysis
so as to gain the information spreading mode in Sina Weibo
IPTs employed in Section 3.3. +en, we examine the impact
of communities and their topic on information propagation.

5.1. Community Characteristics. Community structures are
one of the topological characteristics of online social net-
works. As a subgraph of a social network, IPTs, therefore,
reflect some of the characteristics of the community it
represents. Figure 4(a) shows an example community
structure from a Sina Weibo IPT. Note that the nested
hierarchical structure depicted only has open triads [11], and
open triads are formed between nodes (social network
users), while there are no closed triads because the forward
propagation of information does not establish backtracking
paths, i.e., after users pushmessages to their friends, they will
not receive the same messages from their friends.

+e closer its value is to 1, the stronger the community
structure divided by the network, that is, the better the
partition quality:

CC �
3∗△

(△ + ∧)
. (9)

+e clustering coefficient is used to describe the degree to
which nodes connected to the same center node in the
network are also adjacent to each other. It is used to describe
the probability that a person’s friends in a social network are
also friends with each other, reflecting the degree of nodes
clustering in the network. According to the clustering co-
efficient CC in equation (9), where △ represents the closed
triad and ∧ stands for the open triad, we can see that the
clustering coefficient of each node and the whole IPT is 0.
+is is a clearly unique property of IPTs as a subgraph of the
user social relationship network of Sina Weibo. However,
the above clustering coefficient does not fully explain all the
characteristics of the community in the IPT. Hence, to detect
the communities in the IPT, we used the technique detailed
in [11, 40], we set the resolution coefficient to 1.0, which is
consistent with literature [11, 40], and the corresponding

modularity distribution of the community partitions of each
IPT, as shown in Figure 4(b).

A novel community structure mode of SinaWeibo IPT is
illustrated, as shown in Figure 4(b), which can also reveal a
new pattern of information diffusion. +e results indicate
that the community modularity of each IPT has an even and
linear distribution, and the communitymodularity measures
whether the community partition is a relatively better result;
the higher the modularity, the better the community par-
tition. From this, we can draw the following conclusions
about information propagation in the Sina Weibo: (1) at the
macrolevel, information spreads linearly in sharp contrast to
the traditional random patterns associated with information
dissemination; (2) locally, information only spreads among a
user’s circle of friends so as to form a local community
structure; (3) because, Sina microbloggers are “birds of a
feather that flock together,” their similar interests and
preferences mean information tends to spread widely and
rapidly. Saturation comes quickly within communities but
spreads to new communities more slowly, where the process
repeats until the information stop spreading. +is combi-
nation of rapid within-community transmission but slow
intercommunity transmission acts to impede the spread of
information.

5.2. Community Influence on Information Propagation.
Figure 5 shows the communities extracted from a repre-
sentative IPT in Sina Weibo about the topic of fashion.

From the example, we can see that the nodes within a
community are closely connected, while the connections to
other nodes in the network are relatively loose. +is ar-
rangement of friends is typical of the birds-of-a-feather
phenomenon. +e users within a community interact fre-
quently, and information is spread widely between them.
However, the interaction between communities is relatively
sparse, which makes intercommunity diffusion weak. From
this, we find that community structures may actually inhibit
the spread of information in the Sina Weibo microblogging
site.

+ere are many users with a high degree, often sitting at
the center of communities, who post messages frequently.
Information propagation begins when a high-degree user
forwards information to their friends on a large scale. +is is
1-degree of diffusion, i.e., j � 1. As shown in Figure 5, this is
a clustered community structure centered on node A. In-
formation also spreads to the communities centered on
nodes B and C, where the within-community propagation
process is similar to that of community A. However, the
information propagation between communities is relatively
weak, which shows that the community hinders the infor-
mation diffusion. +is is consistent with the results of our
empirical analysis in [20] on the propagation depth and the
node out-degree distribution of the Sina Weibo IPTs.

+e overlap nodes between communities in the IPT are
often opinion leaders with a large degree and located in the
center of a community.+e edges between communities A, B,
and C show that weak connections between the nodes with
larger degrees play a role in promoting information
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propagation. Users at the community center aremore likely to
establish contact with other communities and spread infor-
mation. When information spreads to another community, it
is first propagated among the users in the community, which
further inhibits information for far-reaching diffusion. +e
empirical and experimental analysis of the extended signifi-
cant profile of Sina Weibo IPTs in [20], including degree
correlation and the cascade rate of information propagation
path, can prove that the connections between nodes with a
large degree are suppressed, i.e., the information propagation
is constrained. However, the connections between the nodes
with a small degree are strong, which is caused by the sparse
connection between the communities and the strong con-
nections between the nodes within a community. IPTs with
the above characteristics directly show that the community
has a role in suppressing information diffusion and making
information propagation paths shorter.

5.3. Topics and InformationPropagation. Each message in an
online social network has its own topic category. +e IPTs
used in Section 3.3 for empirical analysis and model veri-
fication cover topics spanning social events, economy,
sports, technology, fashion, health, culture, and so on. IPT
structures, however, are not dependent on topic. Rather,
structural differences between IPTs are determined by the
specific content in a post, the source user’s social network,
and the interactions between users. As an analysis model, the
IPT null model proposed in this paper indirectly analyzes
information propagation by analyzing the topological
characteristics of the paths it took through a network. When
we apply null model for analyze a specific topic of infor-
mation propagation, it can completely ignore the topic
properties of information itself and only consider the
structural features. However, the general analysis steps are
shown in Figure 6.

(1) Assuming that there are m topic categories for the
IPTs’ dataset S; then, S � Z1, Z2, . . . , Zm , where
Zi(1≤ i≤m) represents the IPTs that belong to the
topic of Zi in S, and Zi � Ti1, Ti2, . . . , Tin . For each
IPT Zij(1≤ j≤ n) that belongs to the topic Zi, the
corresponding randomized copy Tr is generated by
the null model, and communities are detected from
Zij and Tr, as shown in Figure 6.

(2) Taking multiple Tr as the benchmarks, we compare
and analyze the degree correlation, CRP, and
community structure characteristics between Zij and
Tr and take the mean value of multiple comparison
results as the final correspondences to obtain the
extended significant profile. Regarding the nodes
with small out-degree of (1≤K1 ≤ 2) and large out-
degree of (9≤K0 ≤ 14), the R-value of degree cor-
relation is relatively larger, while the Z-value is
relatively smaller, which illustrates that there is only
one edge between those nodes.

(3) Moreover, except for the R-value of information
propagation path with length of 1 is less than 1, while
for all other nodes is greater than 1, and the mean Z-
value of the cascade rate of information propagation
path is less than 30%, i.e., the mean error is less than
30%, which all not only elaborate that the out-degree
distribution of nodes in Sina Weibo IPTs is con-
sistent but also shows that the implementation of the
information propagation path cascade rate intro-
duced in this paper is feasible for the expansion of the
traditional significant profile.

+e community has the effect of suppressing the spread of
information.+e connections between nodes with a larger out-
degree are weak, while the connections between nodes with a
smaller out-degree are strong, which proves that the out-de-
grees of nodes in the IPTs follow the power-law distribution,

(a)
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Figure 4: (a) An example of a community structure in one of the IPTs from the SinaWeibo; each cluster is a community structure, drawn by
the Gephi; (b) the modularity distribution of community partition, which can be used to quantitatively measure the quality of network
community partition.
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and it is consistent with the authors’ previous verified research
results presented in literature [20]. +is also reflects that the
IPT null model can analyze the diffusion characteristics
without considering the information topic attributes.

In summary, the IPTnull model cannot only analyze the
influence of community on information propagation but can
also ignore network structures and topics to complete rel-
evant analysis tasks, thus creating a novel direction of online
social networks analysis.

6. Conclusion

In this paper, we conducted a null model empirical analysis on
IPTs constructed from the Sina Weibo so as to study the
effects of community structures on information propagation.
We first built the null model to generate the randomized copy
of Sina Weibo IPTs; then, the triad percolation-based com-
munity detection method was employed to discover the
community structures in original IPTs and their corre-
sponding randomized copy; finally, the traditional significant
profile was extended in terms of R-value and Z-value to

measure the null model performance. +e results of the
analysis reveal that community structures constrain infor-
mation propagation. In future work, we plan to devise a null
model method that could extend this analysis to dynamic
social networks.
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