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We study opinion dynamics in social networks and present a new strategy to control the invasive opinion. A developed continuous-
opinion evolution model is proposed to describe the mechanism of making decision in closed community. Two basic strategies of
evolution are determined, and some basic features of our new model are analyzed. We study the different invasive strategies. It is
shown via using Monte Carlo simulations that our new model shows different invulnerability with traditional model. Node degree
and cohesion in invasive small-world community plays less significant role when the evolution of opinion is continuous rather
than dichotomous. Using simulation, we find one kind of Influential Nodes that can affect the outcome dramatically, while these
Influential Nodes are sensitive to their node degree and the evolution weight. Thus, we develop invasive control strategy based on
these features.

1. Introduction

There is long history in social science to learn social
phenomenon such as opinion cluster and invasion. Some
simple mathematic models are helpful tools to simulate such
phenomenon. Recently the mathematic models learning the
invasion and spread of new opinion have received a lot of
attention [1–3]. At present, the spread rumors in real world
become easier and can make huge influence on our daily life
[4, 5]. Thus, the study of the dynamics of different opinions
and rumors has gradually become one of the most popular
fields in the study of complex networks [6, 7].

Some other questions come out with gradually deepening
the study of rumors spread. It is known that some rumors
and ideas seem harmless at first while they can do great
harm to the health of the network if they are not controlled.
To deal with such problem, many researches developed
lots of strategies [8–12]. Community structure appears to
be essential for the evolution of invasive opinion [13, 14].
Some researches focus on a few nodes which have large
connective like Targeted immunization [11]. Furthermore,

some researches also use real world data and cases to develop
and evaluate their control strategy [15–17].

In order to understand the role of the Influential Node
and the different strategies of opinion evolutions in the
opinions dynamics, for simplicity, a continuous-opinion
model is proposed in this paper, including two strategies of
opinion evolution. It does not aim at an exact description
of reality. However, it focuses on discovering some essential
and fundamental features of an otherwise very complex and
multiple phenomena by doing some crude approximations.
Therefore, we useMonte Carlomethod to simulate the reality
and determine the sensitivity of the model and our new
strategy in the different situation.

In this paper, to understand the difference between
traditional dichotomousmodel and our new continuesmodel
and the mechanism of the Influential Node in the opinions
dynamics, we focus on the following four questions. First
of all, how can the different evolution strategies affect the
dynamic of the model? Are there any transition points
where the model is very sensitive? The answer can help us
better understanding the dynamic of this continues-opinion
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evolution model.Then we would like to know how the size of
the invasive community and its node degree can contribute
to the outcome of the model when the proportion of the
strategies is fixed. Some feature of network in former study
[18] may not be suitable for continues model. It is also known
that the community structure can affect the evolution. So
could the community structure affect the evolution of the
network? If so, is the effect the same as that in the traditional
dichotomous model? Last, in order to know the role it plays
in the evolution, it is critical to know how Influential Node
can contribute to the evolution of the network and are such
nodes sensitive to some factors such as node degree. If we
have better understanding of this kind of nodes, we could
develop new strategy to control the spread of invasive rumor.

In the first part, we investigate the outcome of the model
with different proportion of the opinion evolution strategy.
The first strategy of evolution is the change of the topology
structure of the network, and the second strategy is the
intersecting opinion of the different points in the network.
Thedifferent proportion of two basic strategies will lead to the
different outcome of the dynamic model. If the model only
uses the first way, the opinion of every node will not change,
while the topology structure of the networkwill change all the
time. Hence, the entire networkwill evolute into several small
communities, and there should be no intersects between two
different networks in certain time. When the model only
uses the second way, the opinion of different nodes will
change while the topology structure will remain the same. In
this situation, the model will develop into single connected
network where the structure remains the same.We define the
term “consensus”: if the value of every node in the network
converge to a certan interval, it means this model makes
“consensus”. Using Monte Carlo method, we simulate the
situation for different length of time.We count the probability
of consensus for every 1% change of the proportion of the two
strategies.

In the second part, we focus on some other questions. At
first, we assign the same value of opinion to all the nodes in
the network. Then we develop two major kinds of invasion
for the contrary opinion.The first way is invasion with small-
world community. Some former studies show that the size of
community and the node degree are twomajor factors for the
outcome. Therefore, we simulate the outcome with different
size of invasive small-world and its node degree. We define
Influential Node in opinion invasion. This kind of nodes has
more node degree and better stability. Then we study the
different factors which can affect the power of Influential
Node and develop new control strategy to impede the spread
of invasive opinion.

2. Model Description

2.1. Symbol Description of Network. We develop our contin-
ues-opinion model based on our former discrete multiopin-
ion model [19].

2.2. Two Strategies of the Evolution. For the first strategy, the
opinion of every node will not change, while the topology
structure of the network will change every step. Hence, if

Table 1: Symbols table.

Symbol Description
𝑁 The number of nodes in the entire network
𝑛 The number of Influential Nodes
𝑀 The proportion of the invasive nodes
𝑀𝑁 The number of invasive nodes

𝐾
The average number of edges for every node (average
node degree)

𝑚
The average number of extra edges for the Influential
Nodes

𝑘
The average number of extra edges for the nodes in the
invasive community

𝑃 The proportion of the first way of process
𝑡 Time (or the number of the steps)
𝑇 The length of experiment
𝑤 The evolution weight

𝑑
𝑖𝑗
(𝑡)

If nodes 𝑖 and 𝑗 connect at time 𝑡 𝑑
𝑖𝑗
(𝑡) = 1. Otherwise

𝑑
𝑖𝑗
(𝑡) = 0

𝜎
𝑖
(𝑡) The opinion value of node 𝑖 at time 𝑡

the node 𝑖 connects with the node 𝑗 and their opinions
are different, the node 𝑖 will remove the edge to the 𝑗 and
randomly choose. And the node 𝑖 will then find a note which
has the same opinion to develop a new edge.

For the second strategy, the opinions are intersected with
the different connected nodes in the network. In some former
work, the network is dichotomous. Therefore, the process of
this strategy can be expressed as a differential equation as
follows (see Table 1 for the description of the symbols):

𝜎
𝑖 (𝑡 + 1) = sign[

[

𝑁

∑

𝑗=1

𝑑
𝑖𝑗
𝜎
𝑖 (𝑡) 𝜉𝑖𝑗 (𝑡) + ℎ𝑖 (𝑡)

]

]

. (1)

However, in real world, new kind of invasive opinion may
intersect with traditional opinion and therefore develop
new kind of opinion. For example, some people would
have neutralized opinion when facing two extreme opinions.
Therefore, we propose our continues-opinion model as fol-
lows:

𝜎
𝑖 (𝑡 + 1) = (1 − 𝑤)

[

[

𝑁

∑

𝑗=1

𝑑
𝑖𝑗
𝜎
𝑗 (𝑡)
]

]

+ 𝑤 [𝜎
𝑖 (𝑡)] . (2)

It reflects the fact that for every node, its own opinion and the
opinion of its connected nodes can contribute to its opinion
in the future. The difference is that, in this paper, extreme
opinions can be neutralized and develop to new opinion.

3. The Sensitivity of the Model to the
Proportion of Two Strategies

In order to determine how the proportion of two strategies
can affect the evolution, we stimulate by using Monte Carlo
method.
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Figure 1: The 𝑦-axis represents the number of win in 100 experi-
ments. The 𝑥-axis represents the proportion of two strategies.

First of all, we define “consensus” that if at the end of
experiment, every in the network converges to an interval
and the range of this interval is less than 0.2. We consider the
situation that 𝑁 = 1000 and the initial value of every node
is obeying uniform distribution on [−1, 1]. We simulated the
probability of consensus with different proportion of two
strategies.

Figure 1 shows that, compared with traditional model,
nodes in continues-model aremore likely tomake consensus.
We can see that the probability for consensus is high when
the proportion of first strategy is little. The probability for
consensus decreased sharply by the increase of the proportion
after 𝑃 > 0.8. Hence, in conclusion, we determine that the
phase transition point is around 0.85 when 𝑇 = 50 and will
increase a little with the increase of 𝑇.

4. Evolution under Small-World
Invasive Strategy

Some researches study some features of small-world commu-
nity. Connection of the community can make the node in it
prefer grouping together and therefore make critical impact
on opinion evolution in the entire network [18].

First, we construct a scale-free network and the value of
every node is 1. Then the invasive nodes become −1. In order
to define the outcome of the invasion, we define the term
“strong win” if all values of the nodes in the network converge
to [−1, −0.75] and “weak win” if all the values of the nodes are
smaller than 0.

We consider the situation that 𝑁 = 1000 and𝑀 = 0.4,
0.42, and 0.45. Then we randomly add some extra nodes into
invasive community. Therefore, we can have a small-world
invasive community.

Figure 2 shows the probability of weak win for different
node degree in invasive community. When 𝑀 = 0.45 in
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Figure 2: The 𝑦-axis represents the number of weak win in 100
experiments. The 𝑥-axis represents 𝑘.

new model, if invasive community wants to have “weak
win,” it should have greater average node degree compared
with traditional model. Although node degree still can help
minority succeed, the effect is much smaller.

Remark 1. In continues-opinion evolution model, small-
world communities are less likely to success.They needmuch
dense of connection tomaintain their impact on the network.
Moreover, size of community plays more significant role in
evolution. In other word, the communities with large size are
more likely to success.

5. Evolution under Influential Node
Invasive Strategy

It is known that in the real network, some celebrities can
make far more impact to the opinion evolution compared
with normal people. Therefore, we present a kind of node
to simulate such people. This kind of node has two main
characteristics.

(1) They have much more node degrees compared with
other nodes.

(2) They are less likely to change their own opinion value
compared with ordinary nodes.

In order to have better understanding of this kind of
nodes, we investigate three factors of such nodes:

(1) quantity: 𝑛
(2) Their influence (their node degree):𝑚
(3) how can they be influenced by other nodes: 𝑤.

Therefore, we simulate with different parameters to find
out how these three factors can affect the success rate for the
invasive community.
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Figure 3: The 𝑦-axis represents the number of strong win in 100
experiments. The 𝑥-axis represents 𝑛, when 𝑚 = 50.

5.1.The Effect of theNumber of Influential Nodes. Weconsider
the situation that 𝑁 = 1000, 𝑤 = 1, 𝑚 = 50, and𝑀 = 0.1,
0.2, and 0.5.Thenwe randomly choose𝑁𝑀 nodes in invasive
nodes and 𝑛 invasive nodes as Influential Nodes. We do 100
experiments at different 𝑛 and find the probability for invasive
community to win.

Figure 3 shows the probability for invasive community
to win with different number of Influential Nodes. It shows
that the outcome is sensitive to the number of Influential
Nodes. When𝑀 = 0.1, 𝑛 < 10, there seems to be no chance
for invasive community to win. However, the probability
increases abruptly around 𝑛 = 12. The community with
smaller sizemay needmore Influential Nodes to keep success.
Hence, near the transition point, controlling the number of
the Influential Nodes is an economic and efficient way to
control the invasive opinion.

Remark 2. The spread power of invasive opinion is sensitive
to the number of Influential Nodes. To control the spread of
invasive opinion, controlling the number of Influential Nodes
is an economic and efficient strategy when 𝑛 is not large.

5.2. The Effect of the Degree of Influential Nodes. We consider
the situation that 𝑁 = 1000, 𝑤 = 1, 𝑛 = 10, and 𝑀 =
0.3, 0.4, and 0.5. Then we randomly choose 𝑁𝑀 nodes in
invasive nodes and 𝑛 invasive nodes as Influential Nodes. We
do 100 experiments with different node degree and find the
probability for invasive community to win.

Figure 4 shows the probability for invasive community to
winwith different node degree. It is known that the celebrities
with more influence and more followers can better influence
the opinion evolution. In our model, we define the influence
as node degree. In this simulation we find that the model is
also sensitive to the node degree of Influential Nodes. With
low degree, invasive community still has very small chance to
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Figure 4: The 𝑦-axis represents the number of strong win in 100
experiments. The 𝑥-axis represents𝑚, when 𝑛 = 10.

win. However, with the increase of degree, Influential Nodes
can play much greater impact on evolution.

Remark 3. The spread power of invasive opinion is sensitive
to the degree of Influential Nodes. To control the spread of
invasive opinion, controlling the degree of Influential Nodes
is an economic and efficient strategy when 𝑛 cannot be
controlled.

5.3. The Effect of the Evolution Weight of Influential Nodes. In
real world social network, evolution weight for every single
point can be considered as the influence of this individual.
The nodes with great weight can make more impact on the
opinion evolution.

We consider the situation that 𝑁 = 1000, 𝑤 = 1, 𝑛 =
15, and𝑀 = 0.45. Then we randomly choose 𝑁𝑀 nodes in
invasive nodes and 𝑛 invasive nodes as Influential Nodes. We
do 100 experiments with different evolution weight 𝑤.

In our pretreatment, we find that if 𝑤 < 1, the nodes
in entire network would never converge to the interval
[−1, −0.75]. Therefore, we try to use Convergence Interval
Midpoint to evaluate the impact of Influential Nodes on the
evolution.

Figure 5 shows the Convergence Interval Midpoint for
every experiment. It shows that with the decrease of 𝑤, the
Convergence Interval Midpoint approaches to 0 abruptly.
Though it still can make negative influence on the entire
network, the loss would be reduced a lot. Even a little
reduction of𝑤 can contribute a lot to control the harm of the
invasion.

Remark 4. The opinion evolution is sensitive to the evolution
weight of Influential Nodes. Although reducing 𝑤 cannot
control the spread of invasive opinion, it can reduce the
negative impact on the entire network. Therefore it can help
the entire network recover much easier.
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Figure 5:The 𝑦-axis represents the Convergence Interval Midpoint
for every experiment. The 𝑥-axis represents 𝑤 when 𝑛 = 15, 𝑚 =
50, and𝑀 = 0.45.

6. Conclusions

In conclusion, we have investigated a developed continues-
opinion evolution model. Two basic strategies of evolution
are determined, and some basic features of our newmodel are
analyzed.Thenwe analyze Influential Node and its impact on
entire network. Different invasive opinion control strategies
are also considered. By analyzing the phase transition point,
we find that our new model is more likely to make consensus
comparedwith the discrete traditionalmodel. Ourmodel can
better characterize the process of the opinion neutralization.
In continues model, invasive small-world community is
less likely to achieve success. In other words, community
size is much more significant in this new model. Further
analysis shows that one kind of nodes can play critical role
in invasion. With a little proportion of Influential Nodes,
invasive community can achieve success even if the size is
small. Hence we investigate three factors which may affect
the outcome: quantity, node degree, and evolution weight. It
has been observed that Influential Nodes are sensitive to their
population and node degree. Though the evolution weight
cannot contribute to controlling the spread of invasion, it can
reduce the negative impact of invasion.Therefore, controlling
these three parameters of InfluentialNodes can be an effective
method to impede the invasion and reduce the potential loss.
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