Hindawi Publishing Corporation
Discrete Dynamics in Nature and Society
Volume 2015, Article ID 204395, 11 pages
http://dx.doi.org/10.1155/2015/204395

Research Article
A Rumor Spreading Model considering
the Cumulative Effects of Memory
Yi Zhang1,2 and Jiuping Xu1
1

Business School, Sichuan University, Chengdu 610064, China
Department of Mathematics, Yibin University, Yibin 644007, China

2

Correspondence should be addressed to Jiuping Xu; xujiuping@scu.edu.cn
Received 25 July 2014; Accepted 26 September 2014
Academic Editor: Antonia Vecchio
Copyright © 2015 Y. Zhang and J. Xu. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
This paper proposes a rumor spreading model which examines how the memory effects rate changes over time in artificial network
and a real social network. This model emphasizes a special rumor spreading characteristic called “the cumulative effects of memory.”
A function 𝑝(𝑡) reflecting the cumulative memory effects is established, which replaces the constant rate of memory effects in the
traditional model. Further, rumor spreading model simulations are conducted with different parameters in three artificial networks.
The results show that all the parameters but the initial memory rate of memory effects function have a significant impact on rumor
spreading. At the same time, the simulation results show that the final size of the stiflers is sensitive to the average degree ⟨𝑘⟩ when
it is small but is not sensitive to ⟨𝑘⟩ when the average degree is greater than a certain degree. Finally, through investigations on the
Sina Microblog network, the numerical solutions show that the peak value and final size of the rumor spreading are much larger
under a variable memory effects rate than under a constant rate.

1. Introduction
An old saying goes that rumors come true after being
repeated a thousand times. In real life, if people are unable
to distinguish authenticity, many rumors are deemed to
be true after a large number of repetitions. When rumors
are widely propagated, people tend to believe the rumor,
especially if they lack timely real information. Because of the
increased presence of online social networks, rumors are no
longer spread by word of mouth over a small area but are
spread amongst strangers in different regions and different
countries, meaning that rumors are being spread faster and
wider than ever before. This sustained and rapid spreading of
rumors deepens people’s impression about the veracity of the
rumor and thus improves the credibility. Rumor spreading,
therefore, has the ability to shape public opinion and lead to
social panic and instability [1]. For example, the 2011 Tohoku
nuclear leakage accidents caused a number of rumors in
China. Rumors said that taking materials containing iodine
could help ward off nuclear radiation, which led to the fact
that many people rushed to purchase iodized salt.

Rumor spreading has attracted significant attention from
researchers and, as a result, a great deal of research has
been done on rumor spreading models. In the early stages,
scholars borrowed from epidemic models to describe rumor
spreading process [2–4]. A classical model is the SIR model,
which studies the dynamic behavior of rumor spreading
using an epidemic dynamics SIR model [5]. Based on this
research, there have been many more rumor spreading
models, most of which have been a variant of the SIR
model [6–8]. With the development of network technology,
many novel models have appeared inspired by empirical
discoveries about network topology [7, 9–11]. At the same
time, researchers have started to consider the specific features
of rumor spreading in their models. Dodds and Watts [12]
studied the effects of limited memory on contagion. Zhao
et al. [13, 14] proposed a rumor spreading model which
considered remembering mechanisms in homogeneous and
inhomogeneous networks.
However, most previous studies have discussed memory
effects as a constant parameter in the model, but, in reality,
people hear rumors many times and so have an accumulation
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of impressions about the rumors, which changes the probability as to when people become rumor spreaders. Therefore,
memory effects have a strong time-dependency. Further, the
remembering mechanisms can indicate repeatability, which
affects the spreading characteristics of the rumor [13]. Even a
small amount of memory can affect the rumor spread in small
network sizes [15]. Lü et al. [16] proposed a model considered
memory effects on information spread but did not construct
a function of time and did not build spreading dynamics
equations.
In the existing research on rumor propagation, there have
been two main classification methods for the population. In
the first, the population is divided into the three groups borrowed from the epidemic spreading classifications [5], those
that are susceptible (have never heard the rumor), those who
are infected (are spreading the rumor), and those who are
recovered (have heard the rumor but do not spread it). These
classifications have been adopted in most rumor spreading
models. In the second classification, however, the population
is divided into four groups. This classification adds a new
group to the first classification, but this group has been
interpreted differently in different studies. In some research,
this additional group, which arises from the spreaders, is
called the hibernators, those that have heard but forgotten
the information [13]. In Lü’s research [16], the additional
group is called the known, those who are aware of the rumor
but are not willing to transmit it as they are suspicious of
its authenticity. An incubation class was suggested in [17],
where it was proposed that a susceptible individual first goes
through a latent period after being infected before becoming
a spreader or a stifler, which is a similar idea to that of Lü.
In this paper, we follow a four-group classification including
incubation class, the unaware, the spreaders, the lurkers, and
the stiflers.
In this paper, we study a rumor spreading model with
variable rate which considers cumulative memory effects
as a function of time, which is more in line with reality.
The remainder of this paper is organized as follows. In
Section 2, first, the rumor spreading model with a variable
rate varying over time is described. Then, the mean-field
equations are derived, and the dynamic analysis of the
model is conducted. In Section 3, numerical simulations
demonstrating the dynamics of the established model are
conducted on regular networks, random networks, BA networks, and online social networks. We compare our model
using different parameters and analyze the model’s impact
at different average degree of networks. Then, we make
comparisons between a constant versus a variable rate on
Sina Microblog. In Section 4, further discussion is presented.
Finally, in Section 5, we conclude this paper and provide
several avenues for further research.

2. A Rumor Spreading Model with
Variable Memory Rate
In this model, we construct a function of time 𝑡 which reflects
the accumulation of memory, the speed of memory change,
and the importance of an event which triggers rumors. Then,
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with this function added as a parameter to a differential
dynamic spread model, a new rumor propagation model is
proposed.
2.1. Memory Effects Function. Consider a network with 𝑁
nodes and 𝐸 links representing the individuals and their
interactions. At each time step, each individual is in one of
the following four states:
(1) the unaware: this individual has not yet heard the
rumor;
(2) the lurkers: this individual knows the rumor but is
not willing to spread it because they require an active
effort to discern the truth or falseness of the rumor;
(3) the spreaders: this individual knows this rumor and
transmits it to all their contacts;
(4) the stiflers: this individual neither trusts the rumor
nor transmits it.
People generally hear a rumor after many times, and
therefore they get an accumulated impression about the
rumor, which means that the probability that people become
a spreader changes from “will never believe” to “believes.”
This can be described as the cumulative effect of memory,
which affects the probability that an individual becomes a
spreader from a lurker in the rumor spreading process. In
information spreading theory, a function was established
which reflected the probability that a person would approve
the information at time 𝑡 after having received the news 𝑚
times [16]. This function is 𝑃(𝑚) = (𝜆 − 𝑇)𝑒−𝑏(𝑚−1) + 𝑇, where
𝜆 = 𝑃(1) is the approving probability of the first receipt of
the information and 𝑇 ∈ (0, 1] is the upper bound of the
probability indicating maximal approval probability. In fact,
as 𝑚 is a function of time, we can transform this function
into a function of time 𝑡; that is, the probability that a person
approves the rumor at time 𝑡 can be denoted by a function of
time 𝑡. From the following analysis, we determine a specific
form for the function of time t.
First, we analyze the changing process of the lurkers.
From a microcosmic point of view, lurkers do not automatically change their states at time step 𝑡. Some may become
a stifler or a spreader, while others remain lurkers and may
become stiflers or spreaders at a later time. We assume
that the new lurkers at each time step have a part of the
residuals which last until the end of the rumor spreading. This
corresponds with the fact that there are always some people
who take a long time to change their state in real life. From
the above analysis, lurkers become spreaders at a variable
probability, denoted by 𝑝(𝑡), and become stiflers at the rate of
𝑝2 , so we can determine the lurkers’ process of change at each
time step, as shown in Figure 1. In the following paragraph, we
explain this function 𝑝(𝑡).
As the number of times the rumor is received, the
probability that a individual agrees to the truth of the rumor
grows and infinitely approaches a constant [16]. Thus, as
time passes, the number of times the rumor is received
for the residual lurkers gradually increases. Because the
probability 𝑝(𝑡) that an individual becomes a spreader from
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Proof. According to rumor spreading theory, at the beginning
of the process, there is an increase in the number of spreaders
as the rumor propagates, and, with the further spreading of
the rumor, the number of spreaders reaches a peak and then
decreases as time goes on. Finally, the number of spreaders is
zero and the rumor spreading terminates.
Therefore, with an increase in the spreaders, the probability of the lurkers receiving the rumor increases gradually
before the number of spreaders reaches a peak at least. We
assume this time point to be 𝑡 = 𝑚. That is, the probability
that the lurkers become spreaders increases before 𝑡 = 𝑚.
Therefore, there is a time point 𝑡 = 𝑚, such that 𝑝1,𝑘 ≤
𝑝2,𝑘 ≤ 𝑝3,𝑘 ≤ ⋅ ⋅ ⋅ ≤ 𝑝𝑖,𝑘 (𝑖, 𝑘 = 1, 2, 3, . . . , 𝑖 + 𝑘 ≤ 𝑚) and
𝑝𝑗,1 ≤ 𝑝𝑗,2 ≤ 𝑝𝑗,3 ≤ ⋅ ⋅ ⋅ ≤ 𝑝𝑗,ℎ (𝑗, ℎ = 1, 2, 3, . . . , 𝑗 + ℎ ≤ 𝑚)
before 𝑡 = 𝑚.

Because 𝑝(𝑡) is a level that reflects the transformation
probability of all lurkers, including the residual old lurkers
and the new joined lurkers in each time step, we prove that it
has the following properties.
Theorem 2. With an increase in time, the probability 𝑝(𝑡)
becomes increasingly larger and infinitely approaches a constant.
Proof. First, the probability 𝑝(𝑡) becomes increasingly larger.
We use mathematical induction to prove this theorem.
According to the lemma.
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Figure 1: The change of the lurker at each step. 𝐸𝑖1 represents new
lurkers at the 𝑖th time step and 𝐸𝑖𝑗 (𝑗 ≠ 1) represents the jth residual
of 𝐸𝑖1 . The total number of lurkers is 𝐸(𝑖) = 𝐸𝑖1 + 𝐸𝑖−1,2 + 𝐸𝑖−2,3 + ⋅ ⋅ ⋅ +
𝐸2,𝑖−1 + 𝐸1𝑖 at the 𝑖th time step. For example, 𝐸(3) = 𝐸31 + 𝐸22 + 𝐸13 .

Lemma 1. In the rumor spreading process, there is a time point
𝑡 = 𝑚, such that 𝑝1,𝑘 ≤ 𝑝2,𝑘 ≤ 𝑝3,𝑘 ≤ ⋅ ⋅ ⋅ ≤ 𝑝𝑖,𝑘 (𝑖, 𝑘 =
1, 2, 3, . . . , 𝑖+𝑘 ≤ 𝑚) and 𝑝𝑗,1 ≤ 𝑝𝑗,2 ≤ 𝑝𝑗,3 ≤ ⋅ ⋅ ⋅ ≤ 𝑝𝑗,ℎ (𝑗, ℎ =
1, 2, 3, . . . , 𝑗 + ℎ ≤ 𝑚) before 𝑡 = 𝑚.
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a lurker is a level that reflects the transformation probability
of all lurkers, including the residual old lurkers and the
new joined lurkers in each time step, as time passes, the
probability increases gradually because of the cumulative
effect of memory and infinitely approaches a constant when
the accumulated memories achieve a certain degree.
In the following, we show how probability 𝑝(𝑡) becomes
larger and infinitely approaches a constant. Figure 2 shows
the probabilities that each part of the lurkers becomes
spreaders. Firstly, we prove a lemma.
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Figure 2: The probabilities that each part of the lurkers becomes
spreaders; 𝑝𝑗ℎ represents the probability that lurkers 𝐸𝑗ℎ become
spreaders.
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Assuming the result is true for 𝑖 = 𝑘, that is,
𝑝 (𝑘) =
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To establish the truth of 𝑝(𝑘 + 1) > 𝑝(𝑘), we need to show
that
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Consequently, with an increase in the time step 𝑡,
the probability 𝑝(𝑡) that a lurker becomes a spreader
increases gradually because of the cumulative effect of memory. The probability is that the number of contact times
infinitely approaches a constant [16]. Therefore, 𝑝(𝑡) infinitely
approaches a constant when accumulated memories achieve
a certain degree.

0

In light of above analysis, the probability 𝑝(𝑡) that lurkers
become spreaders affected by memory accumulation at tth
time step is
−𝑐(𝑡−1)

𝑝 (𝑡) = (𝑝 − 𝑞) 𝑒

+ 𝑞,

(6)

where 𝑝, 𝑞, and 𝑐 are parameters. These three parameters
reflect the characteristics of the variable memory effects
rate. 𝑝 is the initial value of the memory effects function at
𝑡 = 1. The parameter 𝑝 reflects the importance of an event
triggering rumors in the spreading process, and it is the initial
probability that an individual becomes a spreader. A larger
value for 𝑝 means that the spreaders more easily remember
the rumor because the event is probably more important. 𝑞 ≤
1 − 𝑝2 , 𝑞 ∈ (0, 1), is the maximal transformation probability.
As time passes, 𝑝(𝑡) infinitely approaches 𝑞. The parameter
𝑐 can be regarded as the memory speed; namely, 𝑐 captures
how quickly 𝑝(𝑡) reaches the maximum value 𝑞. The memory
effects rate 𝑝(𝑡) is a probability varying over time 𝑡. Here,
we do not consider interest decay and assume that the time
scale for the rumor spreading is much faster than the memory
decay. Figure 3 shows the transformation probability 𝑝(𝑡) as
a function of 𝑡, given a different 𝑐 and a fixed 𝑝2 = 0.1,
𝑝(1) = 0.05, as shown in Figure 2.
2.2. Rumor Spreading Model. Denote by 𝑆(𝑡), 𝐸(𝑡), 𝐼(𝑡), and
𝑅(𝑡) the density of the unaware, lurkers, spreaders, and stiflers
at time 𝑡, 𝑆(𝑡) + 𝐸(𝑡) + 𝐼(𝑡) + 𝑅(𝑡) = 1. As shown in Figure 4,
the rumor spreading rules can be summarized as follows.
(1) Everyone needs time to determine the authenticity
of rumor, so an unaware becomes a lurker with a
probability 1 when an unaware individual contacts
a spreader. The contact probability 𝑘 is decided by
the specific network topology. Therefore, the reduced
speed of the unaware 𝑑𝑆(𝑡)/𝑑𝑡 is proportional to the
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Figure 3: Memory effects function when 𝑝2 = 0.1, 𝑝(1) = 0.1.
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Figure 4: Structure of rumor spreading process.

number of the unaware S(t) and the spreaders I(t), so
we can derive the differential equation:
𝑑𝑆 (𝑡)
= −𝑘𝑆 (𝑡) 𝐼 (𝑡) .
𝑑𝑡

(7)

(2) A lurker becomes a spreader at the rate of 𝑝(𝑡) and
becomes a stifler at the rate of 𝑝2 , which depends
on cognition. For example, some unaware individuals
have strong knowledge structures and logical reasoning abilities, so they may have little interest in rumors;
thus the probability 𝑝2 is large. Because an unaware
individual becomes a lurker with a probability 1 when
an unaware contacts a spreader, the increased speed
of the lurkers 𝑑𝐸(𝑡)/𝑑𝑡 is equal to
𝑑𝐸 (𝑡)
= 𝑘𝑆 (𝑡) 𝐼 (𝑡) − 𝑝 (𝑡) 𝐸 (𝑡) − 𝑝2 𝐸 (𝑡) .
𝑑𝑡

(8)

(3) When two spreaders contact each other, both may
find the two pieces of information inconsistent, so
they stop the spread. When a spreader contacts a
stifler, the spreader tries to stop the spread, as the
stifler shows no interest in the rumor or denies its
veracity. We suppose that the above cases occur at
the same probability 𝑝3 [17]. Therefore, the reduced
speed of the spreaders 𝑑𝐼(𝑡)/𝑑𝑡 is proportional to the
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number of 𝐼(𝑡) and 𝑅(𝑡) + 𝐼(𝑡), Additionally, a lurker
becomes a stifler at the rate of 𝑝(𝑡), so we have
𝑑𝐼 (𝑡)
= 𝑝 (𝑡) 𝐸 (𝑡) − 𝑘𝑝3 𝐼 (𝑡) (𝐼 (𝑡) + 𝑅 (𝑡)) .
𝑑𝑡

(9)

(4) The increasing speed of the stiflers 𝑑𝑅(𝑡)/𝑑𝑡 is proportional to the number of existing 𝐼(𝑡) and 𝑅(𝑡) + 𝐼(𝑡)
from (3), and a lurker becomes a stifler at the rate of
𝑝2 from (2), so we get
𝑑𝑅 (𝑡)
= 𝑘𝑝3 𝐼 (𝑡) (𝐼 (𝑡) + 𝑅 (𝑡)) + 𝑝2 𝐸 (𝑡) .
𝑑𝑡

(10)

Based on the previous discussion, the model is described
using the following system of differential equations:
𝑑𝑆 (𝑡)
= −𝑘𝑆 (𝑡) 𝐼 (𝑡) ,
𝑑𝑡
𝑑𝐸 (𝑡)
= 𝑘𝑆 (𝑡) 𝐼 (𝑡) − 𝑝 (𝑡) 𝐸 (𝑡) − 𝑝2 𝐸 (𝑡) ,
𝑑𝑡
𝑑𝐼 (𝑡)
= 𝑝 (𝑡) 𝐸 (𝑡) − 𝑘𝑝3 𝐼 (𝑡) (𝐼 (𝑡) + 𝑅 (𝑡)) ,
𝑑𝑡

(I)

𝑑𝑅 (𝑡)
= 𝑘𝑝3 𝐼 (𝑡) (𝐼 (𝑡) + 𝑅 (𝑡)) + 𝑝2 𝐸 (𝑡) ,
𝑑𝑡
𝑆 (0) = 𝑆0 ,
𝐼 (0) = 1 − 𝑆0 > 0,

𝑑𝐸 (𝑡)
= 𝑘𝑆 (𝑡) 𝐼 (𝑡) − 𝑝 (𝑡) 𝐸 (𝑡) − 𝑝2 𝐸 (𝑡) ,
𝑑𝑡

(II)

𝑑𝐼 (𝑡)
= 𝑝 (𝑡) 𝐸 (𝑡) − 𝑘𝑝3 𝐼 (𝑡) (1 − 𝐸 (𝑡) − 𝑆 (𝑡)) ,
𝑑𝑡
𝐼 (0) = 1 − 𝑆0 > 0.

From differential equations theory, systems (I) and (II)
are homogeneous, which means that analyzing the properties
of system (II) is equal to analyzing the properties of system
(I). First, some definitions and the required theorem are
introduced.
Our model is a nonautonomous differential dynamic
system, the general form of which is
𝑑x
= f (𝑡, x) ,
𝑑𝑡
f (𝑡, 0) = 0,

Definition 4 (see [18]). If 𝑊1 (x) is a positive (negative)
definite function, such that |𝑉 (𝑡, x)| ≤ 𝑊1 (x), it is called
𝑉(𝑡, x) and has an infinitesimally small upper bound. If 𝑊2 (x)
is an infinite positive definite function, such that 𝑉(𝑡, x) ≥
𝑊2 (x), it is called 𝑉(𝑡, x) and has an infinite lower bound.
Theorem 5 (see [18]). Suppose that 𝑉(𝑡, x) is a positive definite
function in 𝐼 × 𝑅𝑛 , which has an infinitesimally small upper
̇ x) is a negative
bound and an infinite lower bound and 𝑉(𝑡,
semi-definite, so the zero solutions for system (III) are global
uniformly asymptotically stable.
Theorem 6. 𝑃∗ = (𝑆∗ , 0, 0) (0 ≤ 𝑆∗ < 1) is the equilibrium of
the system (II).

𝑅 (0) = 0.

𝑑𝑆 (𝑡)
= −𝑘𝑆 (𝑡) 𝐼 (𝑡) ,
𝑑𝑡

𝐸 (0) = 0,

Definition 3 (see [18]). If 𝑊(x) is a positive (negative) definite
function, such that 𝑉(𝑡, x) ≥ 𝑊(x)(𝑉 (𝑡, x) ≤ −𝑊 (x)) is true
in 𝐼 × 𝑈 and 𝑉(𝑡, 0) = 0, 𝑉(𝑡, x) is called a positive (negative)
definite function in 𝐼 × 𝑈. If 𝑉(𝑡, x) ≥ 0 (𝑉(𝑡, x) ≤ 0), 𝑉(𝑡, x)
is called a positive (negative) semidefinite function.

Proof. Let the right side of each of the differential equations
(12) be equal to zero in the system which gives the equation

𝐸 (0) = 0,

2.3. Steady-State Analysis of Model. At the beginning of the
rumor spreading process, the system has only the unaware
and the spreaders and at the end has only the unaware and
stiflers as an equilibrium state is reached. So here, we analyze
the system’s steady-state.
Substituting 𝐼(𝑡) + 𝑅(𝑡) = 1 − 𝑆(𝑡) − 𝐸(𝑡) into differential
equations (9), as the differential equations (7), (8), and (9) are
not related to the 𝑅(𝑡), we only consider these three equations.
Then the reduced limiting dynamic system is given by

𝑆 (0) = 𝑆0 ,

Suppose that 𝐼 = [𝑡0 , +∞], 𝑈 = {x | ‖x‖ ≤ ℎ}, and 𝑉(𝑡, x)
is a continuous differentiable function defined in 𝐼 × 𝑈. 𝑊(x)
is a continuous differentiable function defined in 𝑈.

𝑛

𝑥∈𝑅 .

(III)

−𝑘𝑆 (𝑡) 𝐼 (𝑡) = 0,

(11)

𝑘𝑆 (𝑡) 𝐼 (𝑡) − 𝑝1 𝐸 (𝑡) − 𝑝2 𝐸 (𝑡) = 0,

(12)

𝑝1 𝐸 (𝑡) − 𝑘𝑝3 𝐼 (𝑡) (1 − 𝐸 (𝑡) − 𝑆 (𝑡)) = 0.

(13)

The feasible region for the equations is 𝑅3 , and so we study
the equations in a closed set A = {(𝑆, 𝐸, 𝐼) ∈ 𝑅3 | 𝑆 + 𝐸 + 𝐼 ≤
1, 𝑆, 𝐸, 𝐼 ≥ 0}.
From (11) and (12), we can get (𝑝(𝑡)+𝑝2 )𝐸(𝑡) = 0, so 𝐸 = 0.
Substituting 𝐸 = 0 into (13), we have 𝑘𝑝3 𝐼(𝑡)(1 − 𝑆(𝑡)) = 0.
Adding (12), we can get 𝐼(𝑡) = 0. From (13), the system has
the equilibrium 𝑃∗ = (𝑆, 𝐸, 𝐼) = (𝑆∗ , 0, 0) (0 ≤ 𝑆∗ < 1).
Therefore, we can obtain the equilibrium for the system
(I) 𝑄∗ = (𝑆∗ , 0, 0, 𝑅∗ ), where 𝑆∗ + 𝑅∗ = 1; that is, the
rumor must disappear with time, and all 𝑆∗ and 𝑅∗ that satisfy
𝑆∗ + 𝑅∗ = 1 represent stable situations. Next, we look at the
stability of the equilibrium 𝑃∗ = (𝑆∗ , 0, 0).
Theorem 7. The equilibrium 𝑃∗ is globally uniformly asymptotically stable.
Proof. Let the Liapunov function be 𝑉(𝑆, 𝐸, 𝐼) = 𝐹(𝑆) +
𝐺(𝐸) + 𝐻(𝐼), and taking the derivative of 𝑉 versus 𝑡 along
the solution for the equations, we have
𝑉 (𝑆, 𝐸, 𝐼)
= −𝐹 (𝑆) 𝑘𝑆 (𝑡) 𝐼 (𝑡) + 𝐺 (𝐸)
× [𝑘𝑆 (𝑡) 𝐼 (𝑡) − 𝑝 (𝑡) 𝐸 (𝑡) − 𝑝2 𝐸 (𝑡)]
+ 𝐻 (𝐼) [𝑝 (𝑡) 𝐸 (𝑡) − 𝑘𝑝3 𝐼 (𝑡) (1 − 𝐸 (𝑡) − 𝑆 (𝑡))] .

(14)
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Figure 5: Density of spreaders and stiflers on regular networks.

In order to ascertain 𝑉(𝑆, 𝐸, 𝐼) and 𝑉 (𝑆, 𝐸, 𝐼), and taking
the values of 𝐹 (𝑆) = 1, 𝐺 (𝐸) = 1, and 𝐻 (𝐼) = 1, we get
𝑉(𝑆, 𝐸, 𝐼) = 𝑆 + 𝐸 + 𝐼, and
𝑉 (𝑆, 𝐸, 𝐼) = −𝑘𝑆 (𝑡) 𝐼 (𝑡) + 𝑘𝑆 (𝑡) 𝐼 (𝑡) − 𝑝 (𝑡) 𝐸 (𝑡) − 𝑝2 𝐸 (𝑡)
+ 𝑝 (𝑡) 𝐸 (𝑡) − 𝑘𝑝3 𝐼 (𝑡) (1 − 𝐸 (𝑡) − 𝑆 (𝑡))
= −𝑝2 𝐸 (𝑡) − 𝑘𝑝3 𝐼 (𝑡) (1 − 𝐸 (𝑡) − 𝑆 (𝑡)) ≤ 0.
(15)
So we get 𝑉(𝑆, 𝐸, 𝐼), which is positive definite, 0 ≤
𝑉(𝑆, 𝐸, 𝐼) ≤ 1 + 𝑆; that is, it has an infinitesimally small upper
bound and an infinite lower bound, and 𝑉 (𝑆, 𝐸, 𝐼) is negative
semidefinite in the feasible region 𝐴 = {(𝑆, 𝐸, 𝐼) ∈ 𝑅3 |
𝑆 + 𝐸 + 𝐼 ≤ 1, 𝑆, 𝐸, 𝐼 ≥ 0}.
From Theorem 5, the equilibrium 𝑃∗ is globally uniformly asymptotically stable.

3. Numerical Analysis
In the following sections, simulations are conducted using
the Runge-Kutta method and MATLAB in artificial networks
and online social networks, respectively. First, we examine
how the proportion of spreaders and stiflers changes over
time by varying the function parameters. Then, we discuss the
effect of the average degree of networks on rumor spreading.
Finally, numerical solutions for the established model are
conducted on the Sina Microbolg online social network, and
we make comparisons between a constant versus a variable
memory rate on the Sina Microbolg.
3.1. Sensitivity Analysis in Artificial Networks. To compare the
results, the proposed model was performed on two artificial
networks with different values for parameter 𝑐. We chose

regular networks and ER random networks with the same
network size 𝑁 = 10000 and the same average degree ⟨𝑘⟩ =
16.
(1) Regular networks [19]: this is a nearest-neighbor
coupled network, in which every node is of the same
degree.
(2) Random networks [20]: two different nodes are connected with a probability of 𝑃 = 0.0016, so we get
random networks with 𝑁 nodes and 𝑃𝑁(𝑁 − 1)/2
edges. ER random networks degree distributions are
an approximate Poisson distribution, ⟨𝑘⟩ = 𝑃(𝑁 −
1) ≈ 𝑃𝑁. This distribution reaches its peak value at
the average degree ⟨𝑘⟩ [21].
(3) BA network [22]: the network exhibits a power-law
degree distribution 𝑝(𝑘) ∼ 𝑘−𝛾 with 𝛾 = 3.
Given that the other parameters are fixed, we compared
the rumor spreading processes on the three networks with
different values for 𝑐. The smaller the value of 𝑐, the slower the
speed of increase for 𝐼(𝑡). So here, we set 𝑐 = 0.05, 𝑐 = 0.1,
and 𝑐 = 0.5. Figure 5 illustrates how the density of spreaders
and stiflers changes over time for the different values of 𝑐 in a
regular network. From a macroscopic perspective, we found
that the greater parameter 𝑐 is, the higher the peak for 𝐼(𝑡) is,
and, as parameter 𝑐 increases, the size of the stiflers increases,
as larger 𝑐 indicates a higher speed for 𝑝(𝑡) to reach the
maximum value 𝑞. Figure 5(a) describes how the density of
spreaders changes with changes in parameter 𝑐. The green line
indicates a scenario in which the memory speed is very fast.
We have carefully checked that the results are not sensitive to
𝑐 when 𝑐 ≥ 0.5. It can be seen that the higher parameter 𝑐 is,
the larger the spreader peak value is and the slower the rumor
terminates. Figure 5(b) describes how the density of stiflers
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Figure 6: Density of spreaders and stiflers on random networks.
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Figure 7: Density of spreaders and stiflers on BA networks.

changes with 𝑐 over time. The final value for the stifler density
𝑅(𝑡) is greater, which indicates the number of people affected
by a rumor when 𝑐 is larger. Clearly, the larger the value of
𝑐 when other parameters are fixed, the broader the rumor’s
influence. A larger 𝑐 indicates that the 𝑝(𝑡) speed is higher
and reaches the maximum value, less spreaders change into
stiflers, and therefore the influence of the rumor increases.
Figures 6 and 7 illustrate how the density of spreaders
and stiflers changes over time with different values for 𝑐
in ER random networks and BA networks. Similar to the

regular network, it can be seen that rumors spread more
broadly when 𝑐 is larger. However, there is a most significant
impact from the importance of events on rumor spreading in
random networks. That is to say, rumor spreading is sensitive
to parameter 𝑐, which is related to the topology of random
networks. From Figure 7(a), in the same situation, if 𝑐 is
larger, the rumors spread most quickly in BA networks than
in the other two networks. And the number of 𝐼(𝑡) follows
the relation BA > random > regular. These results are
consistent with the traditional understanding of epidemic
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Figure 9: Density of stiflers on regular networks and random networks.

and information spread in that the speed and range of the
spread obey the relationship [8]. Figure 7(b) describes how
the density of stiflers changes as 𝑐 changes over time. When
parameter 𝑐 is fixed, we can see that the rumor spreads faster
and the final size of the stiflers, 𝑅(𝑡), is largest in BA networks.
In other words, rumors spread faster and more broadly on BA
networks than the other networks. For all the networks, the
bigger the value of 𝑐, when other parameters are fixed, the
bigger the rumors influence.
Because BA networks are closer to real social networks,
we analyze the effect of the parameters 𝑝 and 𝑞 on these networks, respectively. Figure 8(a) illustrates how the spreader
density changes as parameter 𝑞 changes in BA networks.

Given that other parameters are fixed, the bigger the value
of 𝑞, the bigger the rumor’s influence. 𝑞 is the maximal
transformation probability that lurkers become spreaders; in
reality, along with the increase of 𝑞, there are more lurkers
becoming spreaders. As a result, the number of spreaders increases, which increases the influence of the rumor.
Figure 8(b) describes how the density of spreader changes as
𝑝 changes over time. Also, we can see in Figure 8(b) that the
bigger the value of 𝑝, when other parameters are fixed, the
bigger the rumor’s influence. 𝑝 is the initial probability that an
individual becomes a spreader. In reality, a large 𝑝 means that
the individual thinks that an event triggering rumors is very
important in the spreading process, which can make more
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individuals change into spreaders and, therefore, increase the
influence of the rumor. But 𝑝 has little influence on the spread
of rumor.
Figure 9 displays the final spread size for regular networks
and random networks as a function of the average degree
⟨𝑘⟩ when 𝑐 = 0.1. In random networks, because ⟨𝑘⟩ =
𝑃(𝑁 − 1) ≈ 𝑃𝑁, analyzing the effect of average degree
⟨𝑘⟩ is equal to analyzing the effect of connected probability
𝑃 on random network when network size is fixed. There
are many similarities between Figures 9(a) and 9(b). It is
obvious that 𝑅 increases with ⟨𝑘⟩, but the final spreading
size is larger in random networks at same average degree.
Moreover, the curves show that 𝑅 peaks suddenly with small
⟨𝑘⟩, which means that 𝑅 is sensitive when ⟨𝑘⟩ is small. Rumor
spreading enhancement with the average degree could be
more significant in random networks than that on regular
networks when ⟨𝑘⟩ is small because of the different network
topologies, while for a large ⟨𝑘⟩, the changing scale for 𝑅 is
smaller, which means that the final size of 𝑅 is not sensitive
to the average degree when ⟨𝑘⟩ is large. We have carefully
checked the fact that, with an increase in ⟨𝑘⟩, 𝑅 becomes
increasingly larger and is finally equal to 1 when ⟨𝑘⟩ is large
enough. That is, when all individuals change to stiflers, the
whole population is infected. In general, the final size of 𝑅
is sensitive to ⟨𝑘⟩ when ⟨𝑘⟩ is small but not sensitive to ⟨𝑘⟩
when ⟨𝑘⟩ is large.
3.2. Rumor Spreading in Social Networks. To study how
rumors spread on social networks, we simulated the rumor
spreading process on a snapshot of the China’s largest
microblog site, Sina Microblog networks which had been
crawled by Yuan and Liu [23]. This snapshot consisted of
118,517 nodes and 2728,213 edges, with the degree distribution
obeying the power law 𝑝(𝑘) ∼ 𝑘−𝛾 [24], 𝛾 = 1.43. We chose

online social networks because of the available network data
and because we feel that their structure might be similar to
that of other real world social networks.
Figure 10 corresponds to a case where 𝑃 = 0.05, 𝑞 =
0.65, and 𝑐 = 0.1, which shows the general trends for the
four kinds of agents in our rumor spreading model. From
the simulation, we find that as the rumor propagates at
the beginning of the process, there is a sharp increase in
the number of spreaders. With the further spreading of the
rumor, the number of spreaders quickly reaches a peak at
about 𝑡 = 30 and then decrease as time goes on. Finally, the
number of spreaders is zero and the spreading of the rumor
terminates. With an increase in time 𝑡, the number of unaware
individuals 𝑆(𝑡) always reduces while the number of stiflers
𝑅(𝑡) always increases, finally reaching a balance at the end
of the rumor spreading process. From this figure, it can be
seen that almost all individuals become stiflers after about
70 time steps. The variation trend for the number of lurkers
is similar to that of the spreaders, in that they increase at
first and then decrease to zero. However, this increasing and
decreasing trend for the lurkers is much more moderate than
for the spreaders, and, as can be seen, the peak for the lurkers
is much smaller than that for the spreaders.
Figure 11 shows how the densities of spreaders and stiflers
change over time for variable and constant memory rate in
the Sina Microbolg network. For the variable rate, it can be
seen that the peak of the spreader is much higher, compared
to the constant rate case. It can be seen from Figure 11(b) that
final stifler density value 𝑅(𝑡) is greater, which means that the
population affected by the rumor is greater under a variable
memory rate. At the same time, the rumor terminates faster
when the memory rate is nonconstant, which shows that the
addition of function 𝑝(𝑡) has accelerated the pace of the entire
rumor spreading process. Generally speaking, the rumor
spreads faster and more broadly under variable rates on the
Sina Microbolg. In real social networks, the number of people
who spread rumors is small, but the rumors can spread widely
as social networks have a high clustering coefficient which
means the number of the lurkers who come into contact
with the rumor is greater. Rumors spread quickly in the early
stages through the friends of the people on social networks,
and, some time later, the number of people who come into
contact with the rumor reaches a maximum, after which
people lose interest because local authorities have debunked
the rumor or people have an increased awareness of the truth
or otherwise of the rumor. Thus the speed of the transmission
reduces. Finally, the spreaders gradually disappear, and the
entire population becomes stiflers.

4. Discussion
In our opinion, the cumulative effects of memory play an
important role in the rumor spreading process. Although
some variants of the SIR model do consider the memory
effects, they do not consider the cumulative memory effect.
That is to say, they reflect the memory effects using a constant
parameter rather than a variable parameter which changes
with time across the entire rumor spreading process. In order
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Figure 11: Density of spreaders and stiflers on Sina Microblog network for the values of the memory rate is variable (𝑝(𝑡) = −0.6𝑒−0.1(𝑡−1) +0.65)
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to better describe the rumor spreading process, we establish
mean-field equations with variable memory effects rates in
the network. As such, previous models which consider the
memory effects rate as a constant become a special case of
the new model. We compared our new rumor spreading
model to the traditional model on an online social network.
The simulation results showed that the function 𝑝(𝑡) induced
a broader and faster rumor spreading process. Although
rumor spreading simulates on a given snapshot of the Sina
Microblog networks. The model does not take into account all
rumor spreading features, such as the forgetting mechanism
[25], or the nonredundancy of contact [16], but it largely
reflects the cumulative memory effects in the variants of the
SIR model. We also found that rumor spreading is more
influenced by parameter 𝑐 in random networks, which is
caused by the specific topology of random networks. At the
same time, it can be seen that the random networks are
more effective in rumor spreading which supports Zanette’s
experiment. In addition, our experiments show that a high
average degree is very helpful in promoting the spreading
of rumor. This is expected because as the average degree of
networks increases, there are more friends for a user, which
means there are more chances for spreaders to contact the
unaware, making the spreading of the rumor much easier.
However, the final number of people affected by the rumors is
sensitive to the average degree ⟨𝑘⟩ when ⟨𝑘⟩ is small, but for a
large ⟨𝑘⟩, nearly all individuals spread the rumor. In fact, the
entire population knows the rumor quickly when ⟨𝑘⟩ reaches
a certain level, at which point the increased average degree
has no effect.
From the discussion of the cumulative effects of memory
in this paper, governments should use this special property
to control the spread of rumors. Because a sustained and

rapid spread of information deepens people’s impression
about this information and to a certain extent improves the
credibility of the information, when an emergency arises,
governments should release official information at a high
frequency to ensure the sustained and rapid spreading of
official information, which may help avoid the spread of panic
and prevent the spread of unfounded rumors.

5. Conclusions
In this paper, we have proposed a rumor spreading model
which considers changing memory effects over time. At the
same time, the speed that 𝑝(𝑡) takes to reach a maximum
value and the importance of an event were considered. The
cumulative effect of memory reflects the repeatability of the
spreading characteristics of the rumor, so the probability
𝑝(𝑡) of a lurker becoming a spreader becomes increasingly
larger and infinitely closer to a constant. Therefore, the
probability is not a constant but a function of time in entire
rumor spreading process. This conclusion was demonstrated
in this study. We established a function 𝑝(𝑡) to describe the
cumulative effect of memory, and this function as a parameter
was added to the rumor spreading model, and a dynamic
analysis of the model was conducted.
The simulations showed how the memory effects do
affect rumor spreading when the parameters of the memory
function 𝑝(𝑡) vary in regular networks, ER random networks,
and BA networks. The simulation results indicated that a
rumor spreads faster and more broadly in three network
types when the initial memory rate 𝑝 is larger; the larger the
maximum value of the memory rate 𝑞, the faster the memory
speed 𝑐, and the greater the peak value for the spreaders.
These results suggest that rumor spreading is sensitive to
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parameter 𝑐 in random networks, BA networks are most
effective for rumor spreading, and the initial memory rate
has little influence on the spread of rumor. We conducted
a sensitivity analysis on the average degree in our model,
the results of which demonstrated that the average degree
plays a positive role in promoting rumor spreading. The
final number of people affected by the rumors was found
to be sensitive to the average degree ⟨𝑘⟩ when ⟨𝑘⟩ is small.
Finally, the numerical solutions also demonstrated that the
spreader peak value and final rumor spreading size on
the Sina Microblog were much higher when the memory
effects rate changes over time, compared to the case when
the memory effects rate is considered a constant. Further
study will be conducted which includes the other differences
between rumor spreading and epidemic spreading. Further,
investigation of rumor control strategies in different network
topologies is also a future research direction.
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