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Abstract: Due to the openness of social media, public opinion events are often triggered. 

Identifying important users in hot topics is helpful to correctly guide public opinion and 

create a green online environment. Directed at the fact that the existing methods fail to 

consider the influence of users' followers and the influence of comment sentiment 

tendencies, a user influence analysis model for Weibo based on user information and 

content information - UCRank (user-content influence rank) - was proposed. The model 

takes into account four factors, users self-influence, followers-influence, content 

information and comment sentiment polarity, to jointly quantify the user influence. 

Experimental results show that the proposed model has the best performance in terms of 

precision, recall and F1 value when compared with other traditional algorithms.  
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1. INTRODUCTION  

With the advent of the Internet era, more and more people have started to express views and 

emotions on hot events through social networking platforms such as Twitter and Sina Weibo. 

As the most popular social media, Weibo has become an important window for internet users to 

obtain information, spread their opinions and share their views. Famous users such as 

government departments, celebrities or "Big V" on the Weibo usually have a large number of 

followers, and their comments on social media often spread quickly. These users often play an 

important role in the spread of topics[1]. Modelling and estimating the influence characteristics 

of users is important for opinion information management[2], research to discover the pattern of 

microblog topic dissemination[3], and microblog friend recommendation[4]. 

In recent years how to accurately quantify user influence through big data mining has become 

one of the hot issues in academia nowadays, and many methods of influence calculation have 

been proposed. Shi Lei et al[5] constructed a user activity model based on three behaviors: 

retweeting, commenting and @, taking into account the distribution and messaging 

characteristics of different users, but the method did not consider the relationship between users 

in the social network. Kwak et al[6] analyzed the influence of users based on the number of 

followers and the PageRank algorithm, based on the network relationship between users, but 

ignored the nodes' own attributes and the content of blogs. Wu Hui et al[7] combined the content 

of users' tweets with the network topology to calculate user influence, but this method focused 

on the quality of users' blog posts but not on the sentimentality of the content. 

Most current analyses of user influence focus on user social networks and user behavior, and 

most research results focus on measuring the degree of influence of a user on other users, with 
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little research on how users are influenced; moreover, the quality of content information and 

comment sentiment polarity are neglected. Therefore, this paper proposes a user influence 

analysis model, UCRank (user-content influence rank), which integrates user information and 

content information, taking into account user social structure, user behavioral characteristics, 

blog post quality and comment sentiment tendency. The proposed method has the best 

performance in user influence analysis when compared with the leading methods of 

IndegreeRank, TwitterRank and PageRank. 

2. RELATED WORK 

User influence is characterized by the ability to elicit potential behavior from others and to 

effectively communicate information, and Weibo user influence greatly reflects the actual social 

influence of users. There are currently three main methods used to evaluate user influence: 

methods based on network topology, methods based on web links and methods based on user 

behavioral characteristics. 

Early approaches were based on network topology to evaluate user influence. The social 

network analysis approach considers networks as consisting of many nodes with dependencies 

and collaborative relationships [8], the result of people's interactions in social networks, and the 

most direct source of data for analyzing influence. Hao et al[9] analyzed and proposed a CSSM 

algorithm that considers outward centrality and neighborhood to calculate node impact. 

However, the algorithm ignored the contribution of tweets to user impact. Pei et al[10] divided 

nodes into subtypes and proposed a scalable SIIE-h method to estimate individual impact, and 

demonstrated the accuracy and robustness of the method to network dynamics. In addition, 

influence maximization[11-13] is one of the methods based on the network structure. However, in 

actual social networks, nodes with a higher degree of centrality or intermediacy do not always 

have greater influence, while assessments that consider only the network structure ignore the 

role of users' information in the process of social network occurrence and lack semantic 

interpretability and explanation of user behavior.  

To effectively measure user influence, Google founders SergeyBrin and LawrencePage 

proposed the PageRank algorithm in 1998, drawing from the classical web ranking model 

algorithm. The algorithm considers not only the degree of entry, but also the importance of node 

neighbors, which can be recursively transferred to other nodes. In recent years, researchers have 

proposed many more improved page rank algorithms. Boyd et al[14] studied the actual situation 

of user retweets based on PageRank and proposed a Twitter User Rank algorithm that combines 

multiple ways to study user behavior such as user identity, tags and communication loyalty. 

Drawing on this idea, Lijun et al[15] re-reviewed the current Chinese Sina Weibo influence 

research algorithm and proposed the Weibo User Rank algorithm for the specific case of Weibo. 

The method based on web link analysis was first used to measure the influence of web pages 

and achieved better results in web page ranking, and later improved to measure the influence of 

microblog users. However, it is directly used to analyze user influence with more defects. 

User behavior is one of the most useful features of online social media, and is the basis for 

studying user behavior, information dissemination models, and is important for user influence 

analysis. Therefore, people start to study users' social influence from their historical interaction 

behavior records. Cano et al[16] proposed a retweet subgraph based on Twitter graph, and used 



 

 

the topic-entity relevance of retweeting relationships to analyze the influence of users' topics 

and entities to discover influential users. Rezaie et al[17] combined user behavior and 

configuration, and proposed an influence index cumulative index and mean index to achieve the 

identification and ranking of high-influential users after a specific event, however, the method 

lacks the judgment of influence polarity. In response to the situation of harmful information 

dissemination in social networks, Li et al[18] proposed an influence calculation method PUI 

based on user text and behavioral features, using gradient-enhanced decision trees to classify 

users and analyze their influence ability in the process of information dissemination. The 

evaluation method based on user characteristics only analyzes the information of users' own 

attributes and does not consider the social structure among users in social networks and does 

not fully absorb the detailed information of the interaction process. Therefore, there is still a 

lack of comprehensive studies that measure the key characteristics of user influence. 

Previous work has focused on user factors such as social structure and user behavior to measure 

the impact of users on social platforms. However, in addition to human factors, both the quality 

and content of blog posts may play an important role in enhancing user influence. To tap this 

influence pattern, this paper takes Weibo as the research object, conducts an in-depth analysis 

of user influence in hot events, and proposes a Weibo user influence analysis algorithm that 

integrates user information and content information. Firstly, we analyze the user's own 

information and build a network model integrating multiple perspectives from four aspects: 

user's prestige value, user's  activity, content‘s spread ability and innovation, in order to more 

accurately describe the user's own influence; secondly, we analyze the quality of user's followers 

and draw on the idea of PageRank algorithm to get the indirect influence based on user's 

relationship; then, based on microblog content information and microblog comment information, 

we integrate users' emotional tendency, analyze and judge users' opinions and attitudes on topics 

from the semantics of texts, and obtain content influence based on microblog content; finally, 

we combine the two main factors of user influence and content influence, and integrate user 

interaction strength factor to jointly quantify the final user influence. 

3. USER INFLUENCE ANALYSIS MODEL 

In this paper, we analyze user influence in hot events in four aspects: users self-influence, 

followers-influence, content information and comment sentiment polarity, and propose an 

analysis algorithm that integrates two main factors, user information and content information, 

to jointly quantify microblog user influence. The schematic diagram of the overall user influence 

analysis model is shown in Figure 1. 
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Figure 1. Schematic diagram of the user influence analysis model proposed in this paper 

3.1 User influence based on user information 

(1) User's self-influence calculation 

In the Weibo platform, the factors that indicate whether the user has enough influence are: 

whether the user has fame in the social platform(Prestige); Whether the user is active 

enough(Active); Whether the communication power of blog posts published by users is strong 

enough(Spread); Whether the blog posts published by users are original(Innovation). so we 

combine these four factors to calculate the users' own influence: 

𝐼𝑁𝐹𝑠𝑒𝑙𝑓(𝑈𝑖) = 𝑎 ∗
𝑃(𝑈𝑖)

𝑚𝑎𝑥𝑃(𝑈𝑖)
+ 𝑏 ∗

𝑆(𝑈𝑖)

𝑚𝑎𝑥𝑆(𝑈𝑖)
+ 𝑐 ∗

𝐼(𝑈𝑖)

𝑚𝑎𝑥𝐼(𝑈𝑖)
+ 𝑑 ∗

𝐴(𝑈𝑖)

𝑚𝑎𝑥𝐴(𝑈𝑖)
   (1) 

Where P, A, S and I are prestige, activity, spread and innovation of the user's self-influence, 

which can be quantitatively calculated. However, the importance of a, b, c, d can only be 

qualitatively analyzed. Based on previous literature studies and parameter analysis, we consider 

the parameter importance: prestige > spread > innovation > activity, and refer to the setting of 

parameters in Ouyang’s paper[19], the weight factor is set as a=0.4, b=0.3, c=0.2, d=0.1 in this 

paper. 

(2) User's followers-influence calculation 

The fans Index can be used to assess the quality of the fans a user has, and we have observed 

that if a user has a large number of high-impact fans, then that user is also very likely to be a 

high-impact user. Therefore, the quality of users' fans is also an important indicator of user 

impact. In order to make full use of the information of users' fans, we use the number of users' 

fans to measure the quality of their fans, at the same time referring to PageRank algorithm, users' 

fans are interested in chaining out the web page, users' fans are chaining into the web page. Get 

the influence of your end-user fans as shown in formula (2): 

𝐼𝑁𝐹𝑓𝑎𝑛𝑠(𝑈𝑖) = (1 − 𝑞) + 𝑞 ∗ ∑
𝐼𝑁𝐹𝑓𝑎𝑛𝑠(𝑈𝑗)

𝐹(𝑈𝑗)
         (2) 

Where 𝑈𝑗 is the fan of the user 𝑈𝑖,  𝐹(𝑈𝑗) is the number of fans of the 𝑈𝑗, q is the damping factor, 0.85 

in this paper. 



 

 

(3) Influence analysis based on user information 

This paper puts forward a research which combines the influence of users and fans. It uses both user 

relationship to get direct influence and user fan index to get indirect influence. The specific definition is 

shown in formula (3): 

𝐼𝑁𝐹𝑢𝑠𝑒𝑟(𝑈𝑖) = 𝑤 ∗ 𝐼𝑁𝐹𝑠𝑒𝑙𝑓(𝑈𝑖) + (1 − 𝑤) ∗ 𝐼𝑁𝐹𝑓𝑎𝑛𝑠(𝑈𝑖) = 𝑤 ∗ 𝐼𝑁𝐹𝑠𝑒𝑙𝑓(𝑈𝑖) + (1 − 𝑤) ∗
1

100
∑ 𝐼𝑁𝐹𝑓𝑎𝑛𝑠(𝑈𝑗)
100
𝑗=1       (3) 

In Weibo, although personal influence is positively related to the corresponding indicator, when the 

indicator approaches infinity, influence tends to a fixed value, that is, influence eventually converges. 

Therefore, with regard to the impact of selection on fans, we arbitrarily select 100 of them and take their 

average value as the indirect influence of users. According to previous literature research and parameter 

analysis, the weight factor of user influence and fan influence is set to: w=0.75. 

3.2 User influence based on content information 

The core of the impact of microblog users is the effective transmission of content information. The quality 

of microblog content published by users will directly affect the impact of this user[20]. The basic attribute 

indicators of microblog include the content of microblog, the publishing time, the average length of replies, 

and the emotional guidance value of comments. Among them, microblog content refers to the information 

contained in the body of the microblog, including pictures, videos, @symbols, topics and content length. 

Define 𝐶1(𝑈𝑖) ,𝐶2(𝑈𝑖) , 𝐶3(𝑈𝑖), 𝐶4(𝑈𝑖)  as whether the content of the microblog contains topics, 

pictures, videos, @. If it contains, then set the value to 1, otherwise 0. 

And define Len1 (𝑈𝑖) for the length of the microblog content and Len2 (𝑈𝑖) for the average 

length of all comments received by the microblog text. 

In the dissemination of hot events, users are the core of social media, and their negative emotions 

are the important characteristics of public opinion dissemination on social networks. Experience 

has shown that microblog comments with negative emotional tendencies can be more emotional 

to other users, causing events to spread widely, leading to the outbreak of hot events, and users 

will have greater emotional influence. Therefore, this paper introduces emotional orientation 

values to measure the negative emotional tendency of users' microblog comments in hot events, 

and the calculation method is shown in Equation (4): 

𝑆𝑒𝑛𝑡𝑖(𝑈𝑖) =
𝑛𝑒𝑔−𝑝𝑜𝑠

𝑛𝑒𝑔+𝑝𝑜𝑠
              (4) 

Where 𝑆𝑒𝑛𝑡𝑖(𝑈𝑖) is the emotional orientation values of Weibo text, which ranges from (-1,1). 

The closer the value is to 1, the more users who have negative views on their content, the more 

likely they are to cause hot spots. The neg is the number of comments with negative emotions 

in the Weibo text, pos is the number of comments with positive emotions in the Weibo text. 

This paper presents a sentiment feature analysis model combining local and global features to 

calculate the sentiment polarity of comments. As shown in Figure 2, the text is first converted 

to a vector representation by word2vec model. For the local word vector features, the local word 

vector features are input into the BiLSTM model for training. For the global document theme 

feature, this paper introduces the theme model into feature extraction, fuses the neural theme 

model to expand the text feature, and uses the text theme feature as the global feature to represent 

the text information. Then the text features based on local weighted word vector and neural 



 

 

theme model are stitched to get text feature vectors containing subject information. Finally, the 

stitched text vectors are output using softmax layer to complete user sentiment feature analysis. 
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Figure 2. Schematic diagram of the sentiment analysis model proposed in this paper 

To sum up, the user influence based on content 𝐼𝑁𝐹𝑐𝑜𝑛𝑡𝑒𝑛𝑡 is shown in Equation (5): 

𝐼𝑁𝐹𝑐𝑜𝑛𝑡𝑒𝑛𝑡(𝑈𝑖) =
1

7
(𝐶1(𝑈𝑖) + 𝐶2(𝑈𝑖) + 𝐶3(𝑈𝑖) + 𝐶4(𝑈𝑖) +

𝐿𝑒𝑛1(𝑈𝑖)

𝑚𝑎𝑥𝐿𝑒𝑛1(𝑈𝑖)
+

𝐿𝑒𝑛2(𝑈𝑖)

𝑚𝑎𝑥𝐿𝑒𝑛2(𝑈𝑖)
+

𝑆𝑒𝑛𝑡𝑖(𝑈𝑖)

𝑚𝑎𝑥𝑆𝑒𝑛𝑡𝑖(𝑈𝑖)
)  (5) 

3.3 User influence based on user information and content information 

Based on the above two dimensions of user influence based on user information and content 

information based on microblog content, the intensity factor is incorporated to quantify the user 

impact of microblog. To sum up, then can get the final INF (𝑈𝑖) representation of Weibo user 

influence as shown in Equation (6): 

𝐼𝑁𝐹(𝑈𝑖) = 𝑤1 ∗ 𝐼𝑁𝐹𝑢𝑠𝑒𝑟(𝑈𝑖) + 𝑤2 ∗ 𝐼𝑁𝐹𝑐𝑜𝑛𝑡𝑒𝑛(𝑈𝑖)       (6) 

Where 𝑤1, 𝑤2 is the adjustment factor. According to previous literature research and parameter 

analysis, the weight factor of user's self-influence and followers-influence is set to: 𝑤1=0.6, 𝑤2 

= 0.4, balancing the effects of independent variables. 

4. EXPERIMENT 

4.1 Dataset 

This paper collects hot topics on Sina's official microblog titles "Chengdu female driver beaten" 

and "Jiuzhaigou earthquake". For the raw data collected, the data is preprocessed, using the 

number of days from registration to January 1, 2022 as the registration time. In order to reduce 

the interference of zombie powder, users with fewer than 20 fans and less than 20 blogs are 

excluded. The final number of users captured was 11201, and the total number of speeches 

reached 138091. 



 

 

4.2 Comparison Model 

In order to verify the effectiveness of the method, the classical user influence analysis algorithm 

or the current more popular algorithm is selected to compare with the algorithm in this paper. 

They are as follows. 

(1) IndegreeRank[20]: the number of followers of users in social networks is used to evaluate 

user influence.  

(2) TweetRank[21]: the number of blog posts posted by users in social networks is used to 

evaluate the user influence.  

(3) PageRank: the method quantifies the influence of nodes based on the social network 

topology only, and calculates the influence by the number and importance of the user's followers. 

In this case, the damping factor 𝑑 = 0.85 is set, and the convergence error is set to 0.001. 

4.3 Experimental evaluation method 

In this paper, the UCRank and the above three algorithms are cross-validated to determine the 

ranking of real user influence. Let 𝑈𝐴, 𝑈𝐵, 𝑈𝐶  and 𝑈𝐷be the set of Top-k users calculated by 

IndegreeRank, TweetRank, PageRank and UCRank, respectively, and the set of reference users 

is 𝑈𝑅. The formula for calculating the set 𝑈𝑅 is as follows (7): 

𝑈𝑅 = (𝑈𝐴 ∩ 𝑈𝐵) ∪ (𝑈𝐴 ∩ 𝑈𝐶) ∪ (𝑈𝐴 ∩ 𝑈𝐷) ∪ (𝑈𝐵 ∩ 𝑈𝐶) ∪ (𝑈𝐵 ∩ 𝑈𝐷) ∪ (𝑈𝐶 ∩ 𝑈𝐷)     (7) 

Precision is used to measure the checking accuracy in classification, which refers to the 

authenticity of the users with high influence identified from the dataset. The precision rate 𝑃𝐴 

calculation formula is shown in equation (8). 

PA =
|(UA⋂UR)|

UA
∗ 100%                          (8) 

Recall is used to measure the check-all rate in classification and is used to verify the ability of 

the algorithm to find users with high influence. The recall rate RA is calculated as shown in 

equation (9). 

𝑅𝐴 =
|(𝑈𝐴⋂𝑈𝑅)|

𝑈𝑅
∗ 100%                             (9) 

The F1 score is used to combine the precision and recall of the model, and 𝐹𝐴 is calculated as 

shown in equation (10). 

𝐹1 =
2∗𝑃𝐴∗𝑅𝐴

𝑃𝐴+𝑅𝐴
∗ 100%        (10) 

4.4 Analysis of experimental results 

(1) Comparison experiments of different models 

In order to obtain more accurate evaluation results, the top 500 users of influence ranking were 

selected as the key research objects. The set of users whose user ranking is in Top-500 is 

determined by at least three models as the experimental reference set, and their experimental 

effects are calculated. the experimental results of Precision, Recall, and F1 are shown in Figure 

3, 4, and 5, respectively. 



 

 

 

Figure 3. The precision of different algorithms among Top-k users 

 

Figure 4. The recall rate of different algorithms among Top-k users 

As the experimental results in Figure 3 show, the precision of the UCRank achieves optimal 

results when selecting Top-k users of different sizes for algorithm precision analysis, and the 

precision gap between the UCRank and the comparison models shows a tendency to gradually 

increase as the number of Top-k users gradually increases, which indicates that the UCRank is 

significantly better than the comparison models and can more effectively evaluate the size of 

the user's real influence.  

The experiments also compare the recall of several models at different user sizes, and it is clear 

from the experimental results that the recall of all the models in this paper is higher. When k is 

small, the recall of all models is not much different, but as k increases, the recall of other models 

is significantly lower than that of the UCRank. And when k is small, the larger the average recall 

is, the greater the practical significance. This result indicates that the UCRank obtains more 

accurate influence ranking because it takes into account the user's self-influence, indirect 

influence of followers and influence of microblog content. 



 

 

 

Figure 5. F1 score of different algorithms among Top-k users 

From the F1 of different algorithms, we can see that the F1 values of all the algorithms in this 

paper are higher than those of the other algorithms. This indicates that the algorithm proposed 

in this paper can, to a certain extent, prevent users from using false behaviors such as increasing 

the number of "zombie" followers and publishing spam blog posts to maliciously increase their 

influence.  

(2) User influence profiling experiment 

Each user in the dataset is calculated by four algorithms for user influence, and the users are 

ranked in order of influence value from largest to smallest. In order to more easily analyze the 

ranking of the UCRank proposed in this paper, the number of followers and tweets of Top10 

users are shown in Figures 6 and 7. 

 
Figure 6. the number of followers of the top 10 users 



 

 

 
Figure 7. the number of tweets of the top 10 users 

From the bar chart of the number of followers, we can clearly see that UCRank's Top10 user 

ranking does not form a positive correlation with the number of followers, which can be 

concluded that users with a large number of followers do not necessarily have a high influence. 

For example, the user " The Internet " did not enter the top 10 in the three comparison algorithms, 

but it ranked first in UCRank. After an in-depth study, we found that although the number of 

followers of this user is small, the number of retweets, comments and likes of this user's 

microblog in this hot event is very large, which means that this user interacts a lot with other 

users and has a strong influence. This indicates that the user has a strong ability to disseminate 

information by interacting with other users. In summary, although the number of followers is 

an important reference index of users' influence, it should also be appropriately combined with 

other factors. As shown by the comparison of the bar chart of the number of microblogs, users 

with more blog posts do not necessarily have more influence. For example, the user ranked No. 

1 has a high number of likes, comments and retweets on his blog posts even though he is ranked 

low in terms of the number of blog posts, which reflects that the blog posts released by this user 

are recognized by users and the quality of the blog posts released is high, so they also have 

greater influence.  

By comparing the research with the above three algorithms, it shows that the algorithm proposed 

in this paper is consistent with people's life perceptions, and can comprehensively evaluate the 

user influence from several factors, such as the direct influence of users, the influence indirectly 

generated by user fan relationship and the influence generated by blog post content, and improve 

the accuracy of user influence analysis in hot events. 

5. CONCLUSION 

Based on the hot events of Weibo, this paper proposes a microblog user influence analysis model 

that integrates user information and content information by integrating the users self-influence, 

the followers-influence, the content information and the sentiment polarity of comments. The 

experimental results show that the precision, recall  and F1 value of UCRank have achieved the 

best results in the comparative experiments with multiple algorithms. It shows that the user 

influence analysis algorithm proposed in this paper can more improve the accuracy and 

effectiveness of user influence analysis in hot events by integrating multiple influence factors 



 

 

to comprehensively calculate user influence. In the future research work, we will conduct a more 

fine-grained analysis of user comments, so as to more accurately describe user emotions and 

more effectively monitor public opinion. 
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