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Abstract. To explore the influence of Internet celebrity marketing behavior on 
consumers' mental health, this paper improves the algorithm based on extensive 

social media data analysis. It proposes a D2D data distribution method based on user 
fusion social relations. In data shunting, this paper considers the influence of two 
relationships: the trust between users and the user's preference rating for data 

content. In addition, this paper divides the Community into a composite network. 
This paper compares five seed node selection methods to find the seed users suitable 
for data sharing within the Community. The experimental research shows that the 

extensive data analysis method based on social media can play a specific role in 
analyzing the influence of Internet celebrity marketing behavior on consumers' 

mental health. At the same time, from the data point of view, Internet celebrity 
marketing can effectively drive consumers' useless consumption and promote the 
emergence of impulsive consumption behavior, which also has a positive effect. 
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1 INTRODUCTION 

1.1 Related Work 

Judging from the existing literature, in the past, researchers have done more research on impulsive 
consumption in the context of online live broadcasts, and most of them have been carried out from 
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the perspective of behavior. At the same time, more research must be done on impulse consumption 
willingness. The influence of the objective environment is involved, but the impact of the atmosphere 
cues of the live broadcast scene needs to be considered [2]. However, few studies have explored 

the psychological mechanism of impulsive consumption willingness in live broadcast scenarios from 
the perspective of psychology [6]. However, there are few related studies [3] 

Literature [11] believes that carnival is a cultural phenomenon unique to the West, traces the 
history of carnival, and finds that carnival life occupies a considerable position in the medieval daily 
life of the West; the "carnival" theory of literature[9] has important implications for the study of 

carnival. The status must be addressed, especially since the research on carnival nature is of great 
significance. Literature [8] pointed out that dividing real life into two worlds and two lives is the 

premise of Bakhtin's "Carnival" theory. 

The research[1] shows that consumers with high impulsiveness are more likely to immerse 
themselves in products and services, find exciting products and services, and quickly and without 

thinking about impulse purchase desires. Research][10]shows that people with high neuroticism and 
extraversion and people with low conscientiousness are more likely to become impulse buyers. 
Literature [5] conducted a study on impulse purchase intention in the e-commerce situation, Possibly 

even stronger. In addition, studies have shown that pleasant and positive emotions positively affect 
impulsive consumption willingness[4]. Research on impulse spending and attitudes toward money 

has demonstrated that associating money with freedom, love, or power increases the likelihood of 
impulsive buying, and associating money with security decreases the possibility of impulsive 
buying[7] 

1.2 Objectives 

To explore the impact of Internet celebrity marketing behavior on consumers' mental health, this 
paper analyzes through social media big data technology. Moreover, this paper comprehensively 

analyzes the influence of Internet celebrity marketing behavior on e-commerce consumer groups, 
providing an effective method for the subsequent healthy development of e-commerce and 

improving consumers' mental health. 

2 METHODOLOGY 

2.1 D2D Data Distribution Method Based on User Fusion Social Relations 

This paper describes the data transmission process of seed users based on the users' social 
relationships and intra-regional user mobility, as shown in Figure 1. Torrent users can periodically 

send data content to other users through D2D communication when they send access requests. The 
data traffic can be significantly reduced using this paper's method. 

 

Figure 1: Seed user data transmission process. 
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We often use the Pearson correlation coefficient to weigh the correlation between variables. Its value 
is between 1 and -1. When the value is 1, the variables are positively correlated, -1 is the opposite, 
and 0 is irrelevant. We assume two sets of data, X and Y, each containing n elements; the method 

for calculating the covariance of the two can be written as: 

𝑆𝑥𝑦 =
1

𝑛−1
∑ (𝑥𝑘 − �̄�)𝑛

𝑘=1 (𝑦𝑘 − �̄�)                                     (1) 

The standard deviation is recorded as: 

𝑆𝑥 = √
1

𝑛−1
∑ (𝑥𝑘 − �̄�)2𝑛

𝑘=1                                                                        (2)

 
Among them, �̄� and �̄� represent the expectations of the two, the average. In the numerator, the 

numerator is positive when the values x and y are more significant than their mean values �̄� and �̄�, 

respectively. Moreover, the numerator is also positive when both are less than the mean value. The 
formula of the Pearson correlation coefficient is expressed as follows, wherein formula (3) represents 

the covariance, and formula (4) is the quotient of the variable standard deviation: 

𝑆𝑥𝑦

𝑆𝑥𝑆𝑦
=

∑ (𝑥𝑘−�̄�)𝑛
𝑘=1 (𝑦𝑘−�̄�)

√∑ (𝑥𝑘−�̄�)2𝑛
𝑘=1 √∑ (𝑦𝑘−�̄�)2𝑛

𝑘=1

                                                            (3)

 

The Pearson coefficient can also be estimated by the mean of the relevant standard scores of the 
(𝑥𝑘 𝑦𝑘) sample points, and its equivalent expression is: 

𝑆𝑥𝑦

𝑆𝑥𝑆𝑦
=

1

𝑛−1
∑ (

𝑥𝑘−�̄�

𝑆𝑥
)𝑛

𝑘=1 (
𝑦𝑘−�̄�

𝑆𝑦
)                                                          (4)

                                                       
The Pearson coefficient can also be estimated by the mean of the relevant standard scores of the 
(𝑥𝑘 𝑦𝑘) sample points, and its equivalent expression is: 

We assume that the value of the data sample X, which contains n data contents 𝑋 =
{𝑋1,  𝑋2, 𝑋3 ⋯ , 𝑋𝑛}, has been given, and each object in the data sample is assigned m attributes 

of a dimension.  

𝑑𝑖𝑠(𝑋𝑖 ,  𝐶𝑗) = √∑ (𝑋𝑖𝑡 − 𝐶𝑗𝑡)
2𝑚

𝑡=1                                                                   (5)

                                                                
The formula of the K-means algorithm is as follows: 

𝐶𝑙 =
∑ 𝑋𝑖𝑋𝑖∈𝑆𝑙

|𝑆𝑙|
                                                                                    (6)

 

2.2 Integrate Social Relationship Model Construction 

We assume that a mobile data distribution system involves data content and users, and 𝐷 =
{𝑑1, ⋯ , 𝑑𝑖}and𝑈 = {𝑢1, ⋯ ,  𝑢𝑚} are data content and users, respectively. The user's personal attributes 

and data content items are given, and the user u's preference for data content D can be estimated. 
The parameter is set to be large enough, and the eigenvector corresponding to the largest eigenvalue 

can be taken as the transformation axis. 

𝑥𝑢𝑑 =
𝑎𝑢

𝑇𝑢𝑑

‖𝑎𝑢‖‖𝑢𝑑‖
                                                                                  (7)

 
𝑢 = 1, ⋯ , 𝑚 and 𝑑 = 1, ⋯ , 𝑖. In this regard, the rating matrix M established by the user's preference for 

data content consists of 𝑚 × 𝑛 elements {𝑚11, 𝑚12, ⋯ , 𝑎𝑛𝑑 𝑚𝑚𝑛}. It is denoted as [𝑚𝑢𝑖]𝑛×𝑛, where 𝑚𝑢𝑖 

represents the rating of user u to the i-th data content 𝑑𝑖, as shown in Table 1. 
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 𝑑1 𝑑2 𝑑3 𝑑4 𝑑5 

𝑢1 2  4   

𝑢2  3  3  

𝑢3  2   2 

𝑢4    5  

𝑢5   6  2 

 
Table 1: User content rating matrix. 

The relationship between users in a social network can be represented by a trust degree matrix T

uv m m[t ]  , wh uvt
ich means the closeness of the connection between user u and user v, reflecting the 

trust degree between users, as shown in Table 2. 

 𝑢1 𝑢2 𝑢3 𝑢4 𝑢5 

𝑢1   1   

𝑢2      3 

𝑢3  1    

𝑢4     2 

𝑢5 2     

 
Table 2: User trust matrix. 

Figure 2 shows the user content scoring network M_N and the user trust network T_N, where the 

user content scoring threshold M is set to 2, and the threshold T of the user trust network is also 2, 
as shown in the figure: 

 

(a) User Content rating network 
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(b) User trust network 

Figure 2: User content rating and trust network. 

The graph nodes represent users and data content in the trajectory; the weight of the edge is based 
on the value of the social relationship indicator. 

In the composite network, the attribute relationships between the sub-networks are integrated 
on the edges between nodes, and the user content rating network M_N in Figure 2(a) and the user 

trust network T_N in Figure 2(b) are fused into a composite network. We assume that the 
relationship strength parameter 𝑠𝑓1、𝑠𝑓2 of 𝑟1, 𝑟2 is 1, the weight set of the M_N edge of the user 

content rating network is {1}, the weight set of the T_N edge of the user trust network is {0.5}, 

and the composite network of user content rating and trust degree is shown in Figure 3: 

 

Figure 3: Composite network of user content rating and trustworthiness. 

The user trust degree and the user preference similarity are combined in a particular proportion to 
obtain the user comprehensive similarity. 

1. User trust degree 

We assume that users u and v are closely related, and we believe that users u and v have higher 
preferences for the same data content type than others. This social relationship that promotes 
community division can be expressed as the degree of the user's trust. The user u and user v are 

represented by the vector X and the vector Y, respectively, and the Pearson similarity is used to 
measure the trust degree between the user u and the user v. The formula can be expressed as 

follows: 

 𝐷𝑒𝑔 trust (𝑢, 𝑣) =
∑ (𝑇𝑢𝑣−𝛿)𝑚

𝑢=1 (𝑇𝑣𝑢−𝛿)

√∑ (𝑇𝑢𝑣−𝛿)2𝑚
𝑢=1 √∑ (𝑇𝑣𝑢−𝛿)2𝑚

𝑣=1

                                                      (8)

 
2. Similarity of user content preference score 
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The user's rating of the data content also reflects the user's preference for the content to a 
certain extent. The higher the rating, the closer the user prefers the same content. The formula is 
as follows: 

𝑃(𝑢, 𝑣) = (
|𝐷𝑢∩𝐷𝑣|(2𝑅)

|𝐷𝑢|(2𝑅)
+

|𝐷𝑢∩𝐷𝑣|(<𝑅)

|𝐷𝑢|(<𝑅)
) × (

|𝐷𝑢∩𝐷𝑣|(2𝑅)

|𝐷𝑣|(2𝑅)
+

|𝐷𝑢∩𝐷𝑣|(<𝑅)

|𝐷𝑣|(<𝑅)
)                            (9)

                
𝐷𝑢 and 𝐷𝑣 represent the set of user u and user v's ratings of data content, respectively. The  user 

content preference score is fitted by Pearson similarity, rcharacterized by  𝐷𝑒𝑔 preference (𝑢, 𝑣), 𝑆𝑢𝑑 

represents the user u’s rating of data content d, and �̄�𝑢 represents the average value of the user's 

rating on the data content. User content preference score similarity defined by Pearson similarity is 
as follows: 

                       {
Degpreference_   pearson (u, v) =

∑  m
u=1 (Sud−s̄u)(svd−s̄v)

√∑  m
u=1 (sud−sū)2√∑  m

v=1 (svd−s̄v)2

Degpreference  (u, v) = P(u, v) × Degpreference_pearson (u, v)
                           (10) 

3. The integrated social relationship between user trust and user content preference score similarity 

To achieve a better data diversion effect, this section integrates user trust and user content 

preference score similarity; the formula is as follows: 

Deg (𝑢, 𝑣) = (1 − 𝜆) × Degtrust + 𝜆 × Degpreference                                 (11)

 

The parameter 𝜆 in the formula adjusts the fusion ratio of user trust degree and user content 

preference score similarity. 𝐷𝑒𝑔trot is the trust degree of user u and user v, and 𝐷𝑒𝑔preference is the 

similarity degree of user u and user v content preference score. When 𝜆 is greater than 
1

2
, the 

proportion of 𝐷𝑒𝑔preference is higher; however, when 𝜆 is smaller than 
1

2
, the proportion of 𝐷𝑒𝑔truc is 

higher. 

2.3 Seed User Selection 

Degree centrality has good utility in computing node centrality. Nodes are ranked according to the 
number of directly connected edges to identify the most popular nodes in the Community. Given a 
community Gk, the degree centrality of node u is as follows: 

𝐶𝐷(𝑢) = ∑ 𝐶𝑣∈𝑉𝑘
(𝑢, 𝑣)                                                                    (12)

                                                            
2.3.1 Closeness Centrality 

Closeness centrality is used to describe the closeness of the relationship between a node and other 
nodes in the network. The shortest path between nodes determines it. The closer a node is to other 

nodes, the higher its closeness centrality. The formula is expressed as follows: 

𝐶𝐶(𝑢) =
1

∑ 𝑑𝐺𝑘𝑣∈𝑉𝑘
(𝑢,𝑣)

                                                                           (13)

 
Among them, 𝑑𝐺𝑘

(𝑢, 𝑣) represents the shortest path length in Gk from node u to node v in 𝐺𝑘 
. 

2.3.2 Betweenness Centrality 

The core concept of betweenness centrality refers to measuring the importance of the data content 

on the node pair to the content propagated throughout the network. When a node appears as an 
intermediate quantity on the shortest path connected to other nodes in the network, if a node has a 
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high degree of importance, high betweenness centrality will appear along with it, which is expressed 
as follows: 

𝐶𝐵(𝑢) = ∑
𝑔𝑣1,𝑣2(𝑢)

𝑔𝑣1,𝑣2
𝑣1,𝑣2≠𝑢,𝑣1,𝑣2∈𝑉𝑘

                                                            (14)

 
Among them, 𝑔𝑣1  𝑎𝑛𝑑 𝑣2

 represent the shortest paths between nodes (𝑣1, 𝑣2), and 𝑔𝑣1, 𝑎𝑛𝑑 𝑣2
(𝑢) denotes 

the shortest paths between node pairs (𝑣1  𝑎𝑛𝑑 𝑣2) passing through node u. 

2.3.3 PageRank Centrality 

PageRank algorithm has a high timeline for calculating node centrality and can be used to measure 

the probability of nodes when connecting essential nodes in the Community. Given Community 𝐺𝑘, 

PageRank is: 

𝑃𝑅(𝑢) = 1 − 𝜌 + 𝜌 ∑
𝑃𝑅(𝑢)

|𝐹(𝑣)|𝑣∈𝐹(𝑢)                                                                    (15)

                                                           

2.3.4 Eigenvector Centrality 

Eigenvector centrality is often used to measure centrality. The number of nodes adjacent to a node 

in the network and its neighbors' importance can reflect the node's importance to a certain extent. 
Given a community Gk, there are a total of nk nodes, and the eigenvector centrality formula is 
defined as: 

𝐸𝐶(𝑢) = 𝑥𝑢 =
1

𝜆
∑ 𝑎𝑢𝑣𝑣∈𝑘 𝑥𝑣                                                                           (16)

                                                                 
Among them, 𝑥𝑢 is the u-th element of the center vector x, and 𝜆 is a constant, representing the 

largest eigenvalue associated with the first eigenvector of the adjacency matrix A.  

3 EXPERIMENTAL METHOD 

In this paper, the VisualStudio compilation environment is used, R language is used, and the Infocom 
dataset is selected for simulation experiments. The simulation duration is 337450 seconds. 

This paper compares the following methods through experiments: (1) Cellular network data 

offloading strategy (Trust-based Scenario, TS) based on user trust to select seed nodes; (2) Cellular 
network data offloading strategy (Preference-based Scenario, PS) based on user content preference 
score to select seed nodes; (3) Cellular network data offloading strategy (Comprehensive-

basedScenario, CS) based on user integration of social relations to select seed nodes. 

Based on the above research, this paper explores the influence of Internet celebrity marketing 

on consumers' mental health, mainly from three aspects: consumption impulse, consumption 
rationality, and useless consumption, and makes statistical evaluation results. 

4 RESULTS 

This paper investigates the time-varying data shunting of these three strategies under five different 
centrality properties, as shown in Figure 4. 
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(a) Degree                                                (b) Closeness 
 

                                                   

        (c) Betweenness                                              (d) Page Rank 
 

  

(e) Eigenvector 

Figure 4: Performance comparison of three strategies under five attributes over time. 

This part of the paper experimentally studies the number of seed nodes. The practical diversion 
effect cannot be achieved if the number of selected seed nodes is small. On the other hand, fewer 

seed nodes may increase network overhead and bring high costs. In this regard, four scenarios are 
constructed according to different seed numbers to find an appropriate number of seed nodes, as 

shown in Figure 5. 

Through the above analysis, the D2D data diversion method (CS strategy) based on user fusion 
social relations is the best way to maximize data diversion. The following critical problem to solve is 
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determining the number of seed nodes. Figure 6 shows the variation in the amount of data offloaded 
by the CS strategy with the number of seeds. 

     

(a) Number of seeds 10 

 

(b) Number of seeds 20 

 

 (c) Number of seeds 30 
 

 

 (d) Number of seeds 40 
 

Figure 5: Performance Comparison of Five Centrality Measures in Three Strategies Under Different 

Numbers of Seed Nodes. 
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Figure 6: The Variation of the amount of data offloaded by the cs strategy with the number of seed 
nodes. 

This paper explores the impact of Internet celebrity marketing on consumers' mental health, mainly 

from consumption impulse, consumption rationality, and useless consumption, as shown in Table 3. 

N
u
m 

Consumptio
n impulse 

Consumption 
rationality 

Useless 
consumptio

n 

N
u
m 

Consumptio
n impulse 

Consumption 
rationality 

Useless 
consumptio

n 

1 59.68  27.83  44.89  15 62.93  28.70  52.30  

2 51.94  27.52  42.76  16 46.63  23.82  53.29  

3 51.26  29.32  43.32  17 44.70  29.43  50.79  

4 62.89  29.70  54.69  18 42.03  24.44  51.46  

5 57.48  18.87  46.36  19 58.22  19.50  51.04  

6 45.83  17.74  49.23  20 60.22  20.18  44.21  

7 54.23  28.75  49.13  21 59.26  20.46  55.69  

8 57.72  14.31  50.24  22 52.52  21.61  46.08  

9 59.86  26.44  61.39  23 53.22  20.52  56.70  

10 43.16  26.09  43.87  24 62.74  18.64  51.09  

11 46.82  23.97  49.55  25 44.81  24.73  56.16  

12 49.71  15.81  60.51  26 53.82  19.83  61.76  

13 62.34  20.00  49.69  27 58.44  21.62  47.56  

14 53.18  25.40  45.68  28 48.79  24.30  61.04  

 

Table 3: The influence of internet celebrity marketing behavior on consumer mental health based on 
extensive social media data analysis. 

5 DISCUSSION 

As shown in Figure 4, the seed node is initialized to 15. The cellular network data offloading (CS 
strategy) based on the seed node selection of user fusion social relations achieves the best data 

offloading effect among the three methods. The offloaded data volume is the largest. The 
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performance of close centrality, betweenness centrality, and PageRank centrality for seed node 
selection is better than several other methods in CS, and the maximum data unloading amount 
reaches nearly 100,000M. In comparison, the data distribution of the TS and PS strategies is similar 

to that of the CS strategies. Therefore, considering the D2D data offloading method based on user 
fusion social relations can minimize the data in the overloaded network. 

As shown in Figure 5, from (a) to (d), the number of seeds is 10, 20, 30 and 40, respectively. 
As the number of seed nodes increases, the three strategies have apparent trends under different 
centrality measures, and it can be easily found that the CS strategy outperforms the other two 

strategies regarding data shunting. Tight centrality, betweenness centrality, and PageRank centrality 
have more advantages than degree centrality and eigenvector centrality of CS strategy. In addition, 

the data offloading effect of the TS strategy is comparable to that of the PS strategy. 

Figure 6 shows that the CS strategy performs well in terms of close centrality, intermediate 
centrality, and PageRank centrality, which is consistent with previous results. These three attributes 

minimized the traffic load of 137000M, 145000M, and 138000M when the number of seeds is set to 
31, 35, and 39, respectively. When the number of seed nodes is set between 30 and 40, the data 
distribution of the five strategies reaches the highest point and then slowly declines. Among these 

three properties, as the number of seeds increases, the performance of close centrality is no longer 
prominent, and betweenness centrality can be used to reduce the maximum amount of data. 

However, it requires a relative number of seeds to cooperate, and the cost is relatively high. In 
contrast, the PageRank attribute can be used to offload the data highly while selecting a small 
number of seeds. Therefore, the PageRank attribute is a better choice than the others. 

Table 3 shows that the analysis method based on big data on social media can play a specific 
role in analyzing the impact of Internet celebrity marketing behavior on consumers' mental health. 
Combined with the data, Internet celebrity marketing can effectively drive consumers' useless 

consumption and promote the emergence of impulsive consumption behavior. 

6 CONCLUSIONS 

To explore the impact of Internet celebrity marketing behavior on consumers' mental health, this 
paper analyzes through social media big data technology. Moreover, this paper comprehensively 
analyzes the influence of Internet celebrity marketing behavior on e-commerce consumer groups. 

By building an intelligent system, the system's performance can be effectively improved. Moreover, 
the D2D data offloading method based on user fusion social relations can minimize the data in the 

overloaded network and use the PageRank attribute to offload the data height while selecting a small 
number of seeds. The analysis method based on social media big data can play a specific role in 
analyzing the influence of Internet celebrity marketing on consumers' mental health. According to 

the data, Internet celebrity marketing can effectively drive consumers' useless consumption and 
promote the emergence of impulsive consumption behavior. 

Through the big data of social media, this paper analyzes and verifies that Internet celebrity 

marketing behavior can have a particular impact on consumers' psychology, and it can be effectively 
guided by intelligent means to eliminate harmful guiding consumption and improve consumers' 

rationality of consumption. The effect of AI-driven influencer marketing on consumer psychological 
health through extensive data analysis is vital. Ethical practices should guide these endeavors to 
ensure a balance between marketing effectiveness and consumer well-being in the evolving digital 

landscape. 
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