
Modeling the Views of WeChat Articles by
Branching Processes

Lin Zhang∗ and Yuhong Liu†
∗ School of Science, Beijing University of Posts and Telecommunications, Beijing, China

† Department of Computer Science and Engineering, Santa Clara University
E-mail: yhliu@scu.edu Tel/Fax: +1-408-551-3513

Abstract—In cyber security, the temporal patterns of infor-
mation propagation in online social networks is of crucial im-
portance, especially for false information detection and defense.
The mechanism of information propagation is the fundamental
of online security, such as predicting and suppressing false infor-
mation dissemination. The dynamics of information popularity
in online social networks open the possibilities for understanding
the mechanisms of information spreading.

In this paper, we study the temporal patterns associated with
online contents generated by WeChat subscription accounts. In
order to reveal the popularity dynamics of WeChat articles,
we formulate a probabilistic model using branching process to
reveal the mechanism of views of WeChat articles. Specifically, a
non-Markovian age-dependent branching process is introduced
for the purpose of considering the heterogeneousness of human
behavior and the tree-like dissemination structures. Different
from the Markovian case with exponentially distributed lifetime
of particles in the branching system, the heavy-tailed power law
distributed inter event time is one of the key ingredients for our
model. Moreover, the limitation of users’ attention span, and the
attractiveness of articles are also considered in our model.

We demonstrate our approach on the real data of WeChat
articles’ popularity time series. The branching model is successful
in presenting the temporal patterns of the real evolution. Our
findings offer insights into the temporal patterns of information
popularity in online social networks, which provides references
for further prediction and control of information propagation
concerning cyber security.

I. INTRODUCTION

The prosperity of online social media has dramatically
changed the way people work, interact and entertain. On-
line social media and user-generated contents is becoming
increasingly dynamic. There are many social media platforms
supporting the publishing and sharing of information, behav-
ior, and opinions, for example, Facebook, Twitter, Flicker,
YouTube, Sina Weibo, WeChat, etc. [4], [12], [15], [29].

Increasing attention from both academic and industry has
paid on how to use such platforms for greater societal benefits,
such as in emergence management, politics and economics
[7], [27]. On the other hand, a recent study found that false
information spreads significantly farther, faster, deeper, and
more broadly than the truth in all categories of information
[24]. The propagation of false information online has become
a severe threat to the security of online social network and
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attracted extensive attention. Investigating the mechanism of
temporal pattern of information propagation is an crucial topic
in cyber security.

Modeling the information diffusion process is of outstanding
interest since it provides the fundamentals to understand and
manage the dynamics of content on social media [8]. Scholars
have studied online information diffusion from various per-
spectives, which can be roughly classified into three categories.

Studies in the first category have been mainly developed
based on the epidemiological processes. They classify nodes
into several states and focus on the evolution of the proportions
of nodes in each state. SIR and SIS are the two seminal
models [11], where S stands for “susceptible”, I for “infected”
(i.e. adopted a piece of information), and R for “recovered”.
Nodes in S state switch to the I state with a fixed probability
β, and backward with probability γ in SIS case. In the SIR
case, nodes in state I switch into R state permanently. The
proportion of each state is expressed by simple differential
equations under the assumption of homogeneous randomness.

The second category is graph theory based studies. For
example, the Linear Threshold Model [19], [22], [25] assumes
that a node is influenced by each of its neighbors, and if the
number of its infected neighbors exceeds a certain threshold,
this node will also be infected. Another example is the Inde-
pendent Cascade Model [5], [20], [26], which assumes that
an infected node at each discrete step randomly chooses one
of its neighbors for propagation with a certain probability of
success, which is independent of the propagation history. The
target neighbor will be infected if the propagation succeeds.
The process runs until no more infection is possible.

In addition, machine learning based approaches are also
proposed recently to learn information propagation from large-
scale data [17], [18], [21], [30], [28]. However, these approach-
es are often data-driven and cannot theoretically answer the
how and why questions for information propagation.

These existing studies, however, often underestimate the
behavior patterns of different users, such as the heteroge-
neousness of response time, the limitation of users’ attention
span, and the attractiveness of different articles. As a result,
some major questions remain open. (1) How will human
behavior patterns influence the propagation patterns? (2) Can
we mathematically model the real time propagation patterns?

In this paper, we propose to model the real time information
spreading in social media as a branching process. In particular,
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considering the heterogeneous human behavior pattern, the
limitation of attention span, as well as the attractiveness of
articles, a non-Markovian age-dependent branching model is
applied to reveal the temporal pattern of the popularity of
WeChat article at collective level. In the non-Markovian case,
the heavy-tailed power law distributed response time is applied
instead of the exponential distribution in the Markovian one.
Finally, we match our model to the real WeChat articles’ time
series of popularity data and achieve high accuracy, which
reveals the validation of modeling information propagation by
branching process.

II. DATA

WeChat is a Chinese multi-purpose messaging, social media
and mobile payment app developed by Tencent [9]. It was first
released in 2011, with more than 1.1 billion monthly active
accounts in the first quarter of 2019. WeChat subscription
account is a basic type of account, allowing content and
notification updates for subscribed followers displayed in the
subscription area of a user’s WeChat messages. The contents
updated by accounts can be viewed by the subscribers and
other users once shared in “Moments”, which is WeChat’s
brand name for its social function of friends updates. Moments
allows users to post images, post text, post comments, share
music, share articles, etc. Only the friends from the user’s con-
tact are able to view their Moments contents and comments.

The dataset used in this paper is the views of articles
released by subscription accounts. The views increase with
time after its release. Therefore, the data appears as a time
series of views for each article. We have collected 620 articles
from 140 WeChat subscription accounts [28]. The views data
of each article are collected every 4 minutes shortly after their
release time. The recorded data are saved as time series of
views, which are illustrated as in Table I.

The scatter plot of the time series of views are illustrated
in Fig. 1. The x-axis is time and the y-axis is the amount of
views. As it is shown in Fig. 1, the views increase as time
goes by. The total amount of views for different articles are
quite different. In the paper, we are aiming at revealing the
mechanism of the temporal pattern of the views of WeChat
articles by a branching model. In our model, the real data time
series and the model simulation match quite well. Moreover,
the impact of the parameters are investigated, considering the

TABLE I
EXAMPLE OF TIME SERIES OF VIEWS

Time Views Time Views · · ·

10:18 454 10:15 1383
...

10:22 663 10:19 1832
...

10:26 820 10:23 2227
...

...
...

...
...

...

23:36 11699 23:07 15071
...

Time
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Fig. 1. Scatter plots of views time series of four typical articles.

heterogeneousness of human behaviors, the limitation of users’
attention, and the attractiveness of articles.

III. MODEL

Many studies reveal that the trace of information propaga-
tion possessing a cascading tree-like structure, which inspires
us to model the temporal pattern by branching processes.
Reference [15] shows the retweet structure is tree liked. In
online blog communities, there is also a diffusion tree [23].
Rumors and meres on Facebook also possesses cascades [6],
[2]. The evolution tree model also appears in fake news [13].
Based on the existing work, we explore a branching model to
reveal the spreading process of WeChat articles.

The dynamics of popularity of an article are modeled
based on a branching structure, considering three influential
factors, (1) the heterogeneousness of human behavior, (2) the
limitation of uses’ attention span, and (3) the attractiveness
of articles. In the rest of this section, the theory of branching
processes is introduced firstly. Then, the corresponding rela-
tionship between branching structure and WeChat popularity
are linked by our key parameters from the above three influ-
ential factors.

The theory of branching processes is an area of mathematics
that describes situations in which an entity exists for a time and
then may be replaced by one, two or more entities during its
lifetime. It is a well developed and active area of research with
theoretical interests and practical applications [1], [10], [14].
In branching processes, a particle lives for a random time, and
at some point during its lifetime, produces a random number
of progenies. An illustration of the process is shown in Fig.
2.

The corresponding relationship between branching structure
and the popularity is as follows. In the WeChat subscription
system, after its release, the article can be read by the
subscribers of the account. Then the subscribers will decide
whether or not to share it by posting it on the Moments, where
their friends can decide to read and/or share it further based
on its attractiveness. From this point of view, the number of
views of an article also possesses a tree structure.

There are two key random features for a branching process.
The first one is the offspring distribution, which gives the
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Fig. 2. An illustration of an age-dependent branching process. Black rectangles
depict individuals, horizontal lines depict lifetimes. Vertical lines are added to
link individuals to their parents. The length of vertical lines is arbitrary [14].

number of progenies that one particle can produce during
its lifetime. In the WeChat system, it equates to the number
of views of the article after one user’s sharing in his/her
Moments. The other key random feature is the distribution of
the lifetime. The lifetime of particles in a branching process
is used to model the waiting time for friends’ views after
one shares the article in the Moments. The temporal pattern
of WeChat article popularity relies on the two key random
features above. Moreover, the three influential factors are
considered simultaneously.

For the offspring distribution, the limitation of users’ at-
tention span and the attractiveness of articles are modeled.
The offspring distribution is modeled by binomial distribution
Bin (n(t), p) with parameters n(t) and p, where n(t) is the
average number of friends in one’s Moments at time t that
can see the title and general information of the shared article,
p is the probability of viewing the article. Specifically, the
offspring distribution ξt at time t is given as follows.

P (ξt = k) =

(
n(t)

k

)
pk(1− p)n(t)−k, k = 0, 1, · · · , n(t).

Furthermore, considering the limitation of attention, we
assume that n(t) = A ∗ t−α, where A is the average total
number of friends, and α is a positive real number, serving
as the parameter of attention decay. The attractiveness of the
articles is modeled as the view probability p, which is fixed,
while the number of friends that can see the shared article
decays with time due to the merging of new contents and
limitation of attention of each user.

For the distribution of lifetime, the temporal pattern origi-
nates from human behavior is considered. The distribution of
waiting time can not be modeled by exponential distribution,
although it is the guarantee of homogeneity, which can make
the branching model much easier. However, many real data
evidence reveals that human behavior, no matter online or off-
line, is quite heterogeneous [3], [16]. As a consequence, the
distribution of inter event time, which is the time between two
views of one’s Moment, is a heavy-tailed distributions. One of
the commonly used distributions for human dynamics is the
power law distribution. The density function of the inter event

time between two successive events possesses the polynomial
decay tail:

f(τ) ∼ τ−β ,

where β > 0 is the parameter of power law distribution.
However, the inter event time distribution is not the waiting
time of a shared article to be read by friends. It is the residual
time T , which can be derived from the inter event time
distribution as

fβw(T ) =
1

⟨τ⟩

∫ ∞

T

f(τ)dτ ∼ T−β+1. (1)

Now we are ready to build our age-dependent branching
process model. At the beginning, there is only one individual.
It can be used to model the release of an article. Then, at
a random time, the article can be viewed and shared. After
sharing, the article can be viewed and shared further at other
random times, as the structure shown in Fig. 2. Specifically, the
random time is power-law distributed with density distribution
fβw. The number of further views of a share happened at time
t follows a binomial distribution Bin(A ∗ t−α, p). The amount
of views can be modeled as the total population of branching
process evolving with time t. Since limt→∞A ∗ t−α = 0,
there will be no more views after quite a long time, and the
population goes to a constant eventually.

The three influence factors are modeled by β, α, and p for
the heterogeneousness of human behavior, the limitation of
attention span, and the attractiveness of articles, respectively.
The descriptions for the notations are listed in Table II and
the algorithm of the age dependent model used in this paper
is in Algorithm 1.

IV. EXPERIMENT RESULTS

The experiment of our paper is done by MATLAB. In order
to match the model to the real data, the parameters are selected
elaborately for different articles. During the experiment, the
average number of friends A is fixed with value 50. The other
three parameters p, α, and β are changed case by case. The
matching results of the 4 selected articles shown in Fig. 1 are
shown in Fig. 3. Since the data are collected during one day
shortly after the release of articles, and the views are collected
every 4 minutes, the x-axis is set from 0 to 150 or 200, with 1
unit as 4 minutes for simplicity, which is 600 or 800 minutes
in total, covering the whole time interval of the view time
series we crawled. The same x-axis are also appeared in the
following figures, Fig. 4-6. The color of the scatter dots are

TABLE II
TABLE OF NOTATIONS

Notation Description
A average number of friends
t time
α decay rate of the number of friends

that can see the article
p probability of view an article
β power of the human behavior

Bin(A ∗ t−α, p) distribution of views shared at time t

fβ
w density distribution of waiting time for a view
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Algorithm 1 Age-dependent Branching Process
Input parameters A, N , p, α, β
Population(1)← 1
V iew ← One random number from Bin(A, p) for views of
the released article at the beginning
WaitT ime← V iew random numbers from fβw for waiting
times at which the article is viewed
for t = 2 to N do
WaitT ime ← WaitT ime− 1
if WaitT ime = 0 then
L ← Logical array of WaitT ime = 0
TempV iew ← sum of L
NewV iew ← sum of TempV iew random numbers
from Bin(A ∗ t−α, p) for future views of the article
shared at time t

end if
NewWaitT ime ← NewV iew random numbers from
fβw for waiting times at which the article is further viewed
WaitT ime ← Delete WaitT ime = 0
WaitT ime ← Combine of WaitT ime and
NewWaitT ime
Population(t)← Population(t− 1) + TempV iew

end for
Output Population

the same as in Fig. 1, referring different articles. The black
curve in each sub-figure is the simulation result of our age-
dependent branching process model. Each curve is the average
over 1,000 trails of the sample paths. The parameters are listed
in Table III, and also explained in the caption of Fig. 3. The
well match between the scatter plot of the real data and the
simulation curve validates that the age-dependent branching
process model reveals the intrinsic mechanism of temporal
pattern hidden in the propagation of online content popularity.

In the following, the impact of the three factors are illustrat-
ed by numerical experiments. The impact of each parameter
is analyzed by fixing other parameters and turning only one
parameter once. For comparison concern, the three parameters
are analyzed on the background of the first three articles.
Parameters have already listed in Table III.

First, the effect of the attractiveness modeled by view
probability p is analyzed based on Article 1. More attractive
article gets more views. Therefore, it is obvious to get the
influence of p, that is, larger probability makes the views more.

TABLE III
PARAMETERS FOR EACH ARTICLE

p α β
Article 1 0.10 (0.09, 0.11) a 0.715 3.65
Article 2 0.09 0.709 (0.65, 0.75) a 3.48
Article 3 0.12 0.900 3.70 (3.50, 3.90) a

Article 4 0.05 2.200 3.58
a Numbers in the parentheses are used for further experiments to analyze

the impact of each parameter
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Fig. 3. Model fitting of 4 articles. The x-axis is set from 0 to 150 or 200 with
4 minutes as 1 unit for simplicity, covering the whole time interval of the
real data we crawled. The parameter A = 50 is fixed. Other parameters are
changed case by case. (a) Article 1. The parameters are as follows. p = 0.10,
α = 0.715, and β = 3.65. (b) Article 2. The parameters are as follows.
p = 0.09, α = 0.709, and β = 3.48. (c) Article 3. The parameters are as
follows. p = 0.12, α = 0.900, and β = 3.70. (d) Article 4. The parameters
are as follows. α = 2.200, p = 0.05, and β = 3.58.
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Fig. 4. Effect of parameter p based on Article 1. The fitted parameters are
A = 50, p = 0.10, α = 0.715, and β = 3.65. The turning parameter p is
set as p = 0.09 and p = 0.11.

The experiment result is shown in Fig. 4, which is natural and
intuitive.

Second, the impact of the limitation of users’ attention span,
which is modeled by α, is analyzed based on Article 2. α
is the decay rate of the number of average friends n(t) that
can see the title and general information of the shared article.
Specifically,

n(t) = A ∗ t−α.

Therefore, larger α indicates faster decrease of n(t), which
results in fewer views of the article. The experiment result
shown in Fig. 5 supports our analysis.

Finally, the heterogeneousness of human behavior is ana-
lyzed, which is modeled by β. Different from the first two
factors, the impact of β is not monotone to the amount of
views, as the experiment results shown in Fig. 6. There are
intersections among the three values of β, indicating the effect
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Fig. 5. Effect of parameter α based on Article 2. The fitted parameters are
A = 50, α = 0.709, β = 3.48, and p = 0.09. The turning parameter α is
set as α = 0.65 and α = 0.75.
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Fig. 6. Effect of parameter β based on Article 3. The fitted parameters are
A = 50, α = 0.9, β = 3.7, and p = 0.12. The turning parameter β is set
as β = 3.5 and β = 3.9.

of β is not the same at different stage of the propagation.
In order to understand the impact of β, it is important to fig-

ure out the impact of β on the heterogeneity. As in (1), smaller
β means P (T > t) is larger. Moreover, larger probability
for larger waiting time T makes larger heterogeneity. That
is, larger possibility to get larger waiting times. To simplify,
smaller β tends to get longer waiting times, and larger β for
shorter waiting times.

Furthermore, the decay of n(t) is an important ingredient.
An illustration of the evolution of share and view is shown
in Fig. 7. For Share 1 at time t1, it will be viewed at time
t2 for shorter waiting time (i.e., larger β) and be viewed at
time t3 for longer waiting time (i.e., smaller β). That is, at the
early stage of propagation, more heterogeneity (i.e., smaller
β) makes the view process evolves slower. However, at the
late stage, the situation is not the same. For the same View
3 at time t6 in Fig. 7, the share for this view may be Share
2 at time t4 for longer waiting time (i.e., smaller β), and be
Share 3 at time t5 for shorter waiting time (i.e., larger β). As
the decrease of n(t), the views of Share 2 at time t4 is more

time

Share 1

1 2 3 4 5 6
                                             t t t t t t

View 1 View 2

Share 2 Share 3

View 3

Fig. 7. An illustration of the share and view process.

than Share 3 at time t5. The heterogeneity slows the decay of
n(t) and keeps more views at later stage of the dynamics.

In summary, the age-dependent branching model, consider-
ing the heterogeneousness of human behavior, the limitation
of attention span, and the attractiveness of article, succeeds in
explaining the real time patterns of the views of WeChat arti-
cles released by subscription accounts. Moreover, the influence
of each parameter is analyzed by numerical experiments.

V. CONCLUSION AND FURTHER WORK

In this paper, we present a tree-like-structured branching
model to reveal the real time pattern of popularity of contents
in online social platform. The proposed scheme relies on
integration of several components: the heterogeneity of human
behavior, the limitation of users’ attention span, and the
attractiveness of articles. Our model matches the real data quite
well, which in turn validates the rationality of our scheme.

The proposed scheme represents a new philosophy of infor-
mation propagation modeling, and provides insights into the
propagation dynamics for further security concern.
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