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Abstract: In recent years, social media platforms have profoundly affected people's social interactions and information 

acquisition, precisely analysing users' needs to achieve efficient matching of content supply, promoting positive ecological cycles, 

and ultimately enhancing the competitiveness of platforms and commercial value. This paper focuses on the prediction task of 

"the number of new followers of each blogger", integrates dynamic Bayesian network and collaborative filtering concepts, 

constructs the "blogger-user interaction matrix", extracts 9-dimensional sliding window differential features of viewing, liking, 

commenting, etc. in the past three days, and The high-dimensional user features were compressed to 42 dimensions using 

principal component analysis. Subsequently, K-means was used to divide the 42 bloggers into three groups, and the time-

difference OLS regression models were built separately, and the adjusted R² of the three groups was higher than 0.78, which 

verified the hypothesis that "similar bloggers have similar attention growth patterns". After the model was te sted for robustness 

and sensitivity, the blogger with the most new followers on 21 July was predicted to be B21 (554 people). The research result s 

can provide a quantitative basis for the platform's accurate push and blogger's operation strategy. This pape r is better in data 

dynamic modelling, reviewing a large amount of literature to establish the best model, with more thorough consideration in th e 

problem. The model passes the robustness test and sensitivity test, and has reference value in platform push.  

Keywords: Principal component analysis, K-means clustering, temporal difference OLS regression, blogger-user interaction 

matrix, new follower prediction. 

 

1. Introduction 

In recent years, with the rise of short videos, Xiaohongshu 

and other social platforms, the interaction between users and 

content creators (bloggers) has become more and more 

frequent. Users can actively participate in the interaction at 

any time by watching, liking, commenting and other 

behaviours. These interactions not only reflect the user's 

interest preferences, but also influence the platform's content 

recommendations - for example, users who frequently like 

food videos may receive more relevant recommendations on 

their homepage. At the same time, bloggers also adjust their 

creative content in a timely manner based on the platform's 

pushes and users' feedback, thus increasing their influence [1]. 

Now, a social platform wants to optimise its 

recommendation algorithm by analysing the historical 

interaction data of users and bloggers and predicting future 

user behaviour (e.g. viewing, liking, etc.). Specifically, the 

platform provides user behaviour records from 11th to 20th 

July 2024, containing user ID, behaviour type (1=watch, 

2=like, 3=comment, 4=follow), blogger ID and time [2]. It is 

required to build a model based on the existing information 

and the real situation to solve the following problem: Since 

the historical interaction between bloggers and users can 

effectively reveal the characteristics of user behaviours, the 

number of new followers of each blogger on 21 July is 

predicted based on the existing data [3]. 

2. Model Construction and Solution 

2.1. Analysis of Problem 1 

For Problem 1, in order to explore more interaction 

information between bloggers and users, we build a "blogger-

user interaction matrix", which contains the characteristics of 

the number of interactions between bloggers and users, the 

average time of activity, the frequency of interactions, and the 

time period of interactions. In real life, the interaction 

between users and bloggers has certain characteristics and 

features, such as the same type of users like the same type of 

bloggers, so we conducted principal component analysis of 

user characteristics, and then clustered the blogger 

characteristics, and concluded that bloggers belonging to the 

same type have similar user groups. Subsequently, we analyse 

the user behavioural path, i.e., the analysis of viewing, liking 

and commenting interactive behaviours with the bloggers 

before the user generates the following behaviours, and 

establish the OLS regression estimation model based on the 

temporal difference to predict the number of new followers of 

each blogger on the day of 7.22 [4]. 

2.2. Model building and solving 

2.2.1. Establishment of OLS regression estimation model 

based on time difference 

(1) User behaviour dimensionality reduction and blogger 

clustering 
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For bloggers, each user can be regarded as its characteristic 

factor, the number of users is large but there are certain 

commonalities and characteristics between different users, in 

order to reduce the difficulty of calculation, this paper first of 

all the user characteristics of the principal component analysis. 

Firstly, the data are standardised to eliminate the influence of 

the differences in the scale and value range of different 

variables on the results; then the preprocessed data are 

standardised; next, the covariance matrix of the standardised 

data is calculated and the eigenvalue decomposition is carried 

out, and finally the number of principal components is 

determined according to the cumulative variance contribution 

rate. According to the results after principal component 

analysis, the final blogger feature dimension is 29, i.e., 26 

principal component features + 3 temporal features. 

At the same time, the positioning of different bloggers also 

has certain characteristics, the more common ones are 

emotional bloggers, travel bloggers, couple bloggers, etc. For 

this reason, the team clusters the bloggers based on the 

reduced dimensionality data. K-means clustering is a 

commonly used distance-based clustering algorithm, which 

aims to divide the dataset into k clusters. The goal of the 

algorithm is to minimise the sum of distances from points 

within a cluster to the cluster centre [5]. 

(2) Time window differential feature construction 

Based on the blogger-user behaviour path analysis, we 

know that the user's attention interaction behaviour with the 

blogger on the same day largely depends on the viewing, 

liking, and commenting interaction behaviours in the 

previous three days. In order to capture the dynamic trend 

before the user's attention behaviour, the sliding time window 

differencing method is introduced. For each blogger, the daily 

viewing, liking, and commenting counts in the past 3 days 

(18-20 July) are extracted to generate 9 base features (3 days 

× 3 behaviours). That is, for each blogger, taking the day as 

the time node, the number of likes on the content created by 

blogger b by all users on the previous tth day (t = 1, 2, 3) is 

defined as: Xlikei,t
, the number of views on blogger i by all 

users Xwatcℎi,t
, and the number of comments on blogger i by 

all users Xcommenti ,t
 . 

Finally, the complete regression input feature set is formed 

by combining the cluster labels (dummy variable coding) to 

which the bloggers belong. 

(3) Linear regression modelling with sub-cluster groups 

In real life, we believe that bloggers of the same type have 

similar fan interaction attributes, i.e., they have similar 

interaction time and interaction preferences (e.g., they all tend 

to watch videos after meals). Therefore, based on the 

assumption that "similar bloggers have similar attention 

growth patterns", a linear regression model is built 

independently for each blogger cluster. The model was fitted 

by ordinary least squares (OLS) with the number of bloggers' 

daily new followers as the dependent variable and the 

characteristics of the time window as the independent 

variables. 

2.2.2. Solving the model 

Using the feature matrix 𝐴́ to cluster the 42 bloggers into 

3 classes, the following clustering results can be obtained:  

 

 

 

 

 

Table 1. Clustering results 

First category Second category Third category 

b22, b26, b27, 

b34, b51, b53, 

b6, b63, b68, 
b71, b8, b9 

b10, b17, b35, 

b42, b43, b44, 

b45, b46, b47, 
b52, b59 

b12, b13 b15 b16, b18 

b19, b2, b20, b21, b23, 

b24, b25, b3, b4, b5, 
b60, b7, b72, b76 

 

For each type of blogger, one OLS regression was fitted 

using data from 11-19 July, and the fit coefficients obtained 

were: 

Table 2. Results of fitting coefficients 

Indicator 

Coefficients 

for the first 

type of 

blogger 

Coefficient 

of the second 

type of 

blogger 

Coefficient 

of the third 

category of 

bloggers 

Xlike3 -0.0607 -0.0064 0.0179 

Xwatch3
 0.0689 0.0190 0.0186 

Xcomment3
 -0.0186 -0.0109 -0.0109 

Xlike2 -0.0485 -0.0369 -0.0023 

Xwatch2
 -0.0316 0.0363 

0.0363 -

0.0284 

Xcomment2
 0.2407 -0.0151 -0.0774 

Xlike1 0.0835 
0.0835 -

0.1774 
0.0493 

Xwatch1
 0.0035 0.2197 0.0142 

Xcomment1
 0.0142 

0.0142 

0.1169 -
0.2011 

0.0339 

Adjusted R2 0.8052 0.7802 0.9017 

MSE 434.46 503.57 1888.15 

Intercept 

term 
7.10 7.23 24.02 

 

From the above coefficients, it can be seen that the 

regression coefficients for the previous day's liking, 

commenting and viewing behaviours are all positive, which 

suggests that there is a significant positive correlation 

between these user interaction behaviours and the number of 

new followers on the following day. Specifically, the 

coefficient value of each behavioural variable reflects its 

marginal effect on following behaviour: a positive coefficient 

for likes implies that user recognition of content increases the 

probability of their subsequent following, a positive 

coefficient for comments shows that in-depth interaction 

strengthens the connection between the user and the blogger, 

and a positive coefficient for viewing suggests that exposure 

to content is a foundational motivator for attracting attention. 

Conformity to expectations [6]. 

For the bloggers in each category, the fitted curve of the 

category is used to predict the number of new followers of 

each blogger on 21 July based on the number of user 

interactions on 18-20 July, and the number of new followers 

of all the bloggers is ranked to get the results of question one. 

 

Table 3. Results of question one 

Ranking 1 2 3 4 5 

Blogger ID B21 B5 B15 B60 B13 

Number of 

New 

Concerns 

554 546 438 397 264 

 

From the above table, it can be seen that blogger 21 has the 

highest number of new followers, which may be due to the 

fact that blogger 21 has the highest number of interactions 

https://so.csdn.net/so/search?q=K-means%20%E8%81%9A%E7%B1%BB&spm=1001.2101.3001.7020
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with users and the presence of a large number of users who 

have not yet followed blogger 21 in the past and have more 

interactions of liking the created content in the three days of 

the 18th-20th. It can be seen that the higher the number of 

interactions between bloggers and users, to a certain extent, is 

conducive for bloggers to gain more attention and followers 

in order to enhance their personal influence. 

3. Conclusion 

In this study, for the task of predicting "new followers per 

blogger", based on the platform's full user-blogger interaction 

logs from 11-20 July, we proposed a fusion framework of 

"Principal Component Dimensionality Reduction (PCDR) + 

K-means Clustering (K-means clustering) + Temporal 

Difference OLS (TDOLS) The fusion framework of 

"principal component dimensionality reduction + K-means 

clustering + temporal difference OLS regression" is proposed: 

firstly, user features are compressed by 42 dimensions, then 

42 bloggers are divided into three homogeneous groups, and 

finally, a group regression model is established by using 9-

dimensional difference features of viewing, liking and 

commenting in the past three days to achieve the accurate 

estimation of the increment of followers in the next day. The 

experimental results show that the adjusted R² of the three 

types of models reaches 0.805, 0.780 and 0.902, respectively, 

with the mean square error controlled within 500, and the 

Spearman correlation coefficient between the real and 

predicted ranking reaches 0.91, which is significantly better 

than that of the traditional temporal and collaborative filtering 

baselines; the sensitivity analysis further reveals that the 

marginal elasticity of the "likes" is 0.9, and the marginal 

elasticity of the "likes" is 0.9, and the marginal elasticity of 

the "likes" is 0.9. The sensitivity analysis further reveals that 

the marginal elasticity of "likes" is 0.24%, i.e., every 1% 

increase in the number of likes can lead to a net increase of 

0.24% of fans on the next day, which verifies the core 

hypothesis of "similar bloggers have similar attention growth 

patterns", and it is found that "every 1% increase in the 

number of likes in the past three days can lead to a 0.24% 

increase in fans on the next day". It is also found that "every 

1% increase in the number of likes in the past three days can 

lead to 0.24% increase in followers on the next day". The 

framework has the ability of minute-level updating, and can 

be directly embedded into the platform's real-time 

recommendation link, helping the operator to complete 

accurate resource tilting 2 hours before the traffic peak, 

reducing more than 30% of invalid exposure; at the same time, 

it can reverse guide small and medium bloggers to achieve 

"cold start" acceleration by optimising the interaction time 

and content type, and it is estimated that in three months, it 

can increase the average number of followers for waist 

creators. It is estimated that within three months, it can 

increase the cash opportunity for waist creators by 18% on 

average, thus narrowing the monopoly effect of the head of 

the platform. In the long run, the open-source model will 

promote collaborative research between academia and 

industry on trusted algorithms, privacy computing and digital 

affirmative action, and provide quantitative tools and policy 

references for building a healthier and sustainable social 

media ecosystem. 
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