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Abstract 

It presents an analysis method based on second-level contacts in SNS groups to 

quantize influence values for information dissemination in this article. The method 

introduces “long tail effect” of weak relation on second-level contacts and entropy in the 

calculation process, quantizes influence values on inside or outside some node’s group, 

and calculates action and reaction between adjacent groups. Simulation results show this 

method has more integrity and objectivity to evaluating values in messaging, prevents the 

exponential growth of strong views effectively, reduces formation and propagation effects 

of biased viewpoints. At the same time, it verifies the influence value between adjacent 

groups is the most critical factor for information dissemination, which is consistent with 

objective facts. 
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1. Introduction 

Social network services(SNS) [1] are important channels for people to keep in contact 

nowadays, such as Facebook, YouTube, Twitter, Google+ and et al, in which have 

millions of users. Users can add into different groups based on their personal interests, 

and can accept information from multiple newsgroups through social network services. 

There is strong relation or weak relation between users in information dissemination 

models [2]. Strong relation means users have personal strong homogeneity and closed 

relationship, and sustains strong emotional factors in one SNS group, just as user A 

connects user C directly. Weak relation implies stronger heterogeneity including extensive 

exchanges and not-closed interpersonal relationship, just as user A connects user B 

directly, and user B connects user C directly, and the relationship between user A and user 

C products by user B. However, weak relation between users can bring long tail effect and 

get huge economic benefits, which enhances the influence of information dissemination. 

At the same time, it is very important to the spread of same information between 

different groups [3]. There are significantly different because of transmission capacity of 

users according to the general principles of sociology and hierarchical clustering in social 

systems [4-8].For example, when user A is a leader node in group G1, and meanwhile it is 

a general node in group G2, the influence ability of spreading messages maybe reduce 

through user A to communicate from group G1 to group G2. However, the influence 

ability of spreading messages maybe enhance through user A to communicate from group 

G2 to group G1.If user A is a general node in group G1 and group G2, the influence 

ability of spreading messages will be obvious. 
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2. Related Research 

There are many models to reveal information dissemination such as linear threshold 

model (LT model) [24], independent cascade model (IC model) [11], infectious disease 

dynamics model [25-27], transmission dynamics model [28-30] and so on [9-13]. 

David and his team proposed linear threshold model in information dissemination 

mechanism [24], which was a way to portray the cumulative impact of characteristics. In 

the model, each node exists with active or inactive status, and only in one of the two. The 

activated weight b𝑤,𝑢  is set in directed edges, and (w, u) ∈ E .b𝑤,𝑢 represents the 

influence of node w to node u.  𝜃u is the threshold and its value reveals the activated 

possibility of node u by his neighbors. When the sum of the weights from activated 

neighbors exceeds the threshold value, （∑ 𝑏𝑤,𝑢 ≥ 𝜃𝑢w∈N(u) ）,that means node u is 

activated, otherwise activation failed. The smaller the threshold is, the more likely the 

node is activated. 

Each node must be on only two states in independent cascade model [11], including 

active state or inactive state. At the same time, one node can only change from active state 

to inactive state, there is no other possible way to change. p𝑣,𝑤  Indicates the value of 

successful probability if node w is active and his neighbor node v is inactive, and node w 

transforms node v to be active in cumulative time t. When node v is surrounded by 

numerous activated neighbor nodes, the effects by neighbor nodes are in any order, but 

the impact probability affects by the value ofp𝑣,𝑤 . The greater the probable value is, the 

huger the impact is, which means the value of p𝑣,𝑤  is larger, node v is activated more 

easily. And if node v becomes active, it will have actions to its neighbor nodes. Each node 

has same mechanism for communication until all of them are activated. Any node accepts 

some new diffusion affect independently in IC model, and has no relationship on diffusion 

effects of other nodes’ history record. 

There are SIS model and SIR model for classic infectious disease dynamics models 

[25-27]. In SIS model, individual is only in the two typical state, including susceptible 

status and infected status, abbreviated as status S and status I. A healthy individual may be 

converted to an infected individual on a certain probability. In contrast, an infected one 

can be recovered into a healthy state on a certain probability. However, each individual 

will be allowed only in one of three states in SIR model, consisted of susceptible status 

(state S), infected status (state I) and removed status (state R). Healthy individuals 

contacted with infected individuals can be infected, and infected individuals can be 

removed with a certain probability. 

Many research works in transmission dynamics models [28-30] reveal that the process 

of information dissemination has clear directional characteristics in a small areas and 

reticular divergent characteristics in a wide range. 

D.J. Watts and S.H. Strogate [29] simulated the simple spread of diseases in the 

small-world network. They found it was faster and easier in the small-world network than 

a rule network. R. Pastor-Satorras and A. Vespignani [30] studied the spread of diseases in 

scale-free networks of SIS model, and concluded that it does not need to set any threshold, 

which means that even the spread of diseases has a very small strength, but also can make 

disease spread quickly in the network. This conclusion has changed many conclusions in 

some traditional theories for spread of diseases fundamentally, which is, only when the 

propagation rate exceeds a threshold, large-scale propagation is possible. 

But D. J. Watts and his team [28] put forward different views, and they believed a 

large-scale propagation is driven by the large number of influential vulnerable groups 

instead of influential individuals.  

So we not only must consider independence activation behaviors of neighbor nodes for 

information dissemination in network, but also analyze a marked impact by neighbor 

nodes’ groups or neighbor’s neighbor nodes’ groups together, which is called “the group 

effect” [14].The effect of groups is a huge impact on node behavior and formation of 

http://www.baidu.com/link?url=inaGMGoRFT03HbBJgPpG2Tk8sk4I7jAjSQOPKAIy2O7t-28iAGK6m6mgUK_AlHGLMzKm09T8v6g39hpmSfnVGB_Uk93FcctFreUsDFtvQKa
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ideas. Yet many models cannot measure influence values of nodes and groups accurately.  

It proposes an method to calculate the influence capability of nodes for information 

dissemination in SNS groups based on second-level contacts effectively, that uses “long 

tail effect” of weak relation in groups to quantify overall impact of groups and can avoid 

formation of biased viewpoints. 

 

3. The Model of Groups on Second-Level Contacts in SNS 

The model describes information of nodes, attributes, social connection, 

correspondence between attributes and correspondence between groups, shown in Figure 

1. It is described as follows. 

NG={U,A,EU,EA,G} 

 

A1 A2A3 A4

U0 U1 U2 U3 U4 U5

Group Gk Group Gt

 

Figure 1. Description of Groups on Second-Level Contacts in SNS 

U is a set of nodes that means each node corresponds to a user in real social networks. 

A implies a set of attributes, which includes all values of properties in a real user, such as 

interest, active, time and events. EU shows a set of social connection that clears strong 

relation between two nodes through solid lines. EA indicates a set of correspondence 

between attributes, that draws weak relation between a user and its attributes through 

dotted lines. G is a set of correspondence between groups that shows many users in one 

group assemble together because of same properties. 

 

4. Modeling 

The paper creates different samples based on properties to measure influence values of 

nodes in the past. For example, the values of movie and constellation are different 

properties for users’ hobby, which makes to form two different groups. At the same time, 

nodes are divided into active state and inactive state [15-16]. The active state of one node 

reveals his joins in the information dissemination process after it receives messages from 

his neighbor and is activate by his neighbor. The inactive state indicates all his neighbors 

is activate by the node after it has joined in the process and is unaffected by his neighbors. 

 

5. Quantitative Analysis 
 

5.1. Quantization for Nodes’ Opinions in One Group Based On Entropy 

Entropy is an important parameter to measure information in information theory 

[17-20].When the value of entropy is smaller, which indicates it provides a greater 

quantity of information, has a large role and a greater weight. On the contrary, larger 

entropy means a small weight. The value of entropy on node 𝑈𝑖 in his group 𝐺𝑘 is 

defined to calculate the influence ability of information dissemination, shown in equation 

1. 
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𝑒𝑖 =
−𝑝(𝑈𝑖)∙log2 𝑝(𝑈𝑖)

− ∑ p(U𝑗)
𝑗=𝑚
𝑗=1 ∙log2 p(U𝑗)

  , 𝑈𝑖 ∈ 𝐺𝑘               (1) 

There have m nodes in group  𝐺𝑘 , marked U1, 𝑈2, … , 𝑈𝑚 .  𝑝(𝑈𝑗)  means the 

communication ability of node 𝑈𝑗  in group 𝐺𝑘  ,which is connected with node 𝑈𝑖 

directly. 𝑝(𝑈𝑗)  represents the value of influence, in where node  Uj  activates his 

neighbor node 𝑈𝑖 successfully, 𝑝(𝑈𝑗) ∈ [0,1]. 

 

5.2. Calculate the Value of Influence about Node 𝑼𝒊 in its Group  

The value of influence about node 𝑈𝑖 in its group is affected by subjective information 

impacts and its strong relation in the group, which is calculated as follows. 

𝑣𝑖 = 𝑐𝑖 ∙ 𝑣𝑖
′ + (1 − 𝑐𝑖) ∙ 𝑒𝑖                          (2) 

𝑣𝑖 measures influence of individual views at the current time. 𝑣𝑖
′ represents influence 

at the previous time. 𝑐𝑖 is a degree of its confidence, defines the degree about accepting 

others’ views and characterizes the role of subjective factor. 𝑒𝑖 is a value of entropy, 

which describes the impact of environment on node 𝑈𝑖  and this is an objective 

factor, 𝑐𝑖, 𝑒𝑖 ∈ [0,1]. 
 

5.3. Calculate Influence Values of Information Dissemination on Node 𝑼𝒊 and 

Group 𝑮𝒌 

There will produce different degrees of influence in information dissemination because 

of the role of nodes in their group. So there must take into account the views of individual 

node 𝑈𝑖 at the current time, thus it calculates the value of overall effect on the spread of 

the message based on group 𝐺𝑘. It is given below, as in equation 3 and equation 4. 

𝑤𝑖 =
𝑣𝑖

∑ 𝑣𝑗
𝑗=𝑚
𝑗=1

                            (equation 3) 

𝑣𝐺k
= ∑ 𝑤𝑖

𝑚
𝑖=1 ∙ 𝑣𝑖/𝑚                       (equation 4) 

𝑤𝑖  is the weight of node 𝑈𝑖 in group 𝐺𝑘. 𝑣𝐺𝑘
 defines the value of overall effect on 

the spread of the message in group 𝐺𝑘. 
 

5.4. Analyze the Influence of Information Dissemination Value between Groups 

It is defined the correlation coefficient between groups, marked 𝜌𝑘,𝑡, to represent the 

influence value between groups. Because it considers the overall impact between groups 

is more objective than part ones and can represent spread attitude and ability of majority 

nodes in the group. 𝜌𝑘,𝑡  is defined as follows. 

𝜌𝑘,𝑡 =
∑ (𝑣𝐺𝑘

−𝑣𝐺𝑘
̅̅ ̅̅ ̅)∙(𝑣𝐺𝑡

−𝑣𝐺𝑡
̅̅ ̅̅ ̅)𝑚

i=1

√∑ (𝑣𝐺𝑘
−𝑣𝐺𝑘

̅̅ ̅̅ ̅)2𝑚
i=1 ∙√∑ (𝑣𝐺𝑡

−𝑣𝐺𝑡
̅̅ ̅̅ ̅)2𝑛

i=1

（5） 

The value of 𝑣𝐺𝑘
̅̅ ̅̅̅ and 𝑣𝐺𝑡

̅̅ ̅̅  indicates the expected value for information dissemination in 

group 𝐺𝑘 and 𝐺𝑡. 
 

5.5 Calculate the Value of Distribution Influence on Node 𝑈𝑖 in His Group 𝐺𝑘 to 

Adjacent Group G𝑡 

Distribution influence function on node 𝑈𝑖  in group 𝐺𝑘  to adjacent group  G𝑡 
reflects its relationship to its adjacent groups, which can determine the value of 

information influence based on the second-level contacts from the node.as the center. It is 

shown as equation 6. 
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v(i, G𝑡) =
𝑣𝑖

𝜌𝑖,𝑗∗𝑣G𝑡

                        (6) 

When the larger value on v(i, G𝑡) is, that indicates the greater impact on node 𝑈𝑖 to 

his adjacent group G𝑡 , the greater likelihood of information dissemination and can 

increase the likelihood on information control dissemination through node 𝑈𝑖, which can 

get better results. 

 

5.6. Structuring Analysis Equation 

We construct an objective analysis function, marked as L(i, 𝐺𝑘,𝑡) , to analyze historical 

information in target groups. They are shown as equation 7 to equation 9. 

L(i, 𝐺𝑘,𝑡) = ρ𝑘,𝑡 ∙
σ(t)

σ(k)
∙ (𝑖 − 𝑣𝐺𝑘

̅̅ ̅̅̅) + 𝑣𝐺𝑡
̅̅ ̅̅                 (7) 

σ(t) = √∑ (𝑣𝐺𝑡
− 𝑣𝐺𝑡

̅̅ ̅̅ )
2𝑛

i=1                           (8) 

σ(k) = √∑ (𝑣𝐺𝑘
− 𝑣𝐺𝑘

̅̅ ̅̅̅)
2𝑚

i=1                          (9) 

L(i, 𝐺𝑘,𝑡) is the target function, the value of  σ(t) and σ(k) represents respectively 

the standard deviation for differential transmission standards in group t and group d. 

When the standard deviation is minimized and the value of L(i, 𝐺𝑘,𝑡) is an analysis 

approximation according to the theory of linear regression analysis, information 

dissemination behaviors are most similar to real networks in group t, and the minimum is 

σ2(k) ∙ [1 − 𝜌𝑘,𝑡
2 ]. 

 

6. Simulation and Performance Analysis 
 

6.1 Set Simulation Parameters and Relationship on Groups and Nodes 

Table 1. Simulation Parameters on Initial States of Nodes and Groups 

groups’ 

name 

nodes’ 

name 

nodes’ 

out-degree 

strength of 

node’s view 
nodes’ attitude 

Gm 

U1 40 0.95 support 

U2 30 0.5 support 

U3 20 0.3 opposition 

U4 15 0.1 opposition 

Gc 

U5 35 0.95 opposition 

U6 25 0.5 support 

U7 15 0.95 opposition 

 

We set initial states of nodes and groups, and construct group Gm and group Gc 
according to two properties of movie and constellation. There are 500 nodes in every 

group, including leader nodes, general nodes and inactive nodes [21-23]. It covers 5 

parameters in table 1.We set the specific relationship of nodes in group Gm and group Gc, 
shown in Figure 2. 

 

http://dict.cn/standard%20deviation
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U3
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UI U6

U7

U5

Gm Gc

 

Figure 2. The Relationship Diagram of Nodes in their Groups 

6.2. Analysis of Simulation Results 

There are influence values from node U1 from inside or outside his group, shown in 

Figure 3. Node U1 is a leader node in group Gm , and its influence value of 

self-evaluation is 0.926,which is close to the strength of its view. The value of the strength 

of the view in group Gm is more than 0.846 because of the weak opposite view. But the 

value rapidly decreased to 0.617 when it is added more second-level nodes which are 

opposite to the view, that is close to the average value from group Gm and group Gc. 
This result shows that influence value for one node is more nearly closer to the overall 

evaluation in groups with increasing second-level nodes. Therefore, it conclude that the 

method has more integrity and objectivity of the evaluating values and avoids the 

exponential growth when numbers of strong views of information expand explosively. 

 

 

Figure 3. Comparison of Influence Values in Information Dissemination 

Node U1 has reaction influence to node U5, node U6 and node U7 after it is affected 

from group Gm and group Gc, shown in Figure 4. The reaction of node U1 to node U5 is 

stayed in a nice hobble because node U5 is a leader node in group Gc and has a strong 

attitude for messaging, so there is interacted between the two nodes and the value is 

0.4966, which is closer to 0.5. The influence on node U1 to node U6 increases rapidly in a 

very short period because they have a same view to message, so the effect on node U1 to 

node U6 is far higher than other nodes from node U1 although node U6 is a general node. 

The reaction of node U1 to node U7 is a state of gradual penetration in a long period until 
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the result is close to the overall impression because node U7 has litter influence. The 

result shows that nodes with a strong view have a greater impact to second-level nodes 

with a same attitude. The rules of information dissemination obey by the overall factors 

unless the majority nodes in second-level groups have the same attitude to some nodes. 

 

 

Figure 4. Comparison of Reaction Influence from Node U1 and Interaction 
Force between Groups 

We set 160 nodes, observe information dissemination process before stabilizing during 

50 time steps based on micro-blogging in the model. 

We compare the relationship evolution on propagation rate for hot topics on time in 

figure 5, and give details of the hot topic in LT model and in second-level contacts model 

between groups(SLC model). We conclude there are several distinct phases of topic 

dissemination process, including a rapid growth phase, a decay phase and a decay phase 

until the minimum value gradually. The reason for this phenomenon is that the hot topic 

has intense attention by millions of people, is commented, forwarded, spread and erupted. 

But the spread of it is reduced with the weakening of people’s interest until steady state. 

Therefore, the two models have similar velocity distribution characteristics from the 

speed of topics’ distribution. They are subject to the law of the life cycle, have same 

experiences from birth, growth, aging to death. There is a clear peak, decays rapidly after 

it and follows a number of shocks. 

At the same time, we observe there are different distributions. The topic reaches the 

peak at the 6th step in SLC model, decays rapidly and emerges a shock in the decay 

process. However, the growth and decay rate of the topic in LT model is significantly 

higher than in SLC model, and arise four shocks in middle and late stage. We consider 

there is more stable and holistic in SLC model than LT model, and avoids explosive 

expansion and dissemination of information on hot topics. 
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Figure 5. Comparison of Relationship Evolution on Propagation Rate for Hot 
Topics and Time 

7. Conclusion 

We proposes a method to analyze the influence of information dissemination in SNS 

groups based on second-level contacts, which uses “long tail effect” of weak relation in 

groups and entropy effectively, leads weak relation of nodes into analysis of information 

dissemination, and quantifies information influence behavior. Simulation results show 

that the method has more integrity and objectivity of the evaluating values, and prevents 

the exponential growth effectively when numbers of strong views expand explosively. 

The interaction between groups is the most critical factor for messaging in information 

dissemination, which is consistent with objective factors and reduces the formation and 

propagation effects of biased viewpoints. 
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