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Bilibili video website has grown into a giant video platform. With the anime culture that can attract the younger generation, Bilibili has built a large-scale user creation platform. To stimulate users’ creative inspiration, Bilibili issued several plans to provide corresponding rewards for the content produced by video creators, attracting more and more people to participate in the creative party. In this context, many excellent works were born, but at the same time, there are also works with mixed qualities in the video, i.e., “low-innovation” works. “Low-innovation” works hinder personal development and have a bad impact on the production climate of the platform. First, this paper uses the principal component analysis algorithm to pre-process the user data of Bilibili to improve the efficiency of the algorithm. Based on the K-means clustering algorithm, it analyzes and identifies “low-innovation” users. According to the analysis results, it sets different incentive plans for different types of user groups and plays a positive role in the video quality of Bilibili.
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1. Introduction

The platform industry is a relatively new global industry (1). Bilibili is now the leading youth cultural community in China. The website was launched on 26 June 2009, and was affectionately called “Bilibili” by fans. Since its founding, Bilibili has gradually grown into a “small giant” of the video platform by virtue of its unique bullet screen culture. In 2020, the total revenue of Bilibili, which has been born for nearly 10 years, reached 12 billion yuan. By 2022, its market value has reached $9.358 billion.

One of the core competitive advantages of Bilibili is high-quality content. Based on this, Bilibili tried and successfully built a UGC ecosystem (2). UGC is user-oriented content, which is different from the traditional marketing model. Customer-based marketing network has the characteristics of interactivity, participation, connectivity, openness, and community, and at present, it is recognized by the vast majority of groups. Based on the analysis of the UGC characteristics of the brand and the fierce competition in the domestic UGC video industry, Bilibili is increasingly dependent on the UP master (short video creator) in operation (3). In order to attract more users to create and improve the quality of video content, Bilibili put forward the “Creator Incentive Plan” in 2018 which continues to this day. Its content is upgraded to creators with less than 500,000 fans who can get special promotion bonuses by achieving small goals. Bilibili held such incentive creative activities to stimulate UP owners to produce more high-quality content. The most typical example is the famous anime Spring Festival Gala. More than two-thirds of the broad cast volume of Bilibili comes from user-made and original videos, and there are more than 1 million active creators.

Despite such a large user scale, Bilibili still faces a big problem: many interest drivers only attach importance to exaggerated covers and titles and other means to increase the playback volume while ignoring the quality of video content. Low-innovation video refers to simply splicing and editing network material and adding background music or changing another background music for another person’s secondary creation. Due to its low creation threshold and low production cost, the output of low-innovation video is very large. A user-generated video can help predict viewers’ online viewing behavior (4). Due to the equal opportunities of video push, the low-innovation video occupies a large amount of space on the platform, resulting in the suppression of high-quality works, and the potential impact on the community environment of the video platform. This is contrary to the original intention of Bilibili to launch the creative incentive plan.

Therefore, only by accurately identifying low-innovation users and strengthening the management system of creators, better video content can be produced and combined with revenue incentives to drive creators to create better works, thus forming a virtuous circle of video websites. Based on the above objectives, this paper triggers from the point of view of extracting the behavioral characteristics of the users in Bilibili, introduces the factor analysis algorithm to sort the characteristics of the low-innovation users, extracts the main characteristics of the low-innovation users, and then carries out user clustering to realize the recognition and division of the user group in Bilibili. While solving the problem of how the video platform can identify low-innovation users, different incentive plans are proposed to accurately guide the rise of creators with different characteristics and reasonably allocate channel resources for users to rise.

Section “2. Literature review” of this paper introduces the existing research results at home and abroad from relevant fields. Section “3. Feature extraction of low invasive users based on factor analysis” introduces the use of factor analysis to reduce the dimension of user data. Section “4. User classification and recognition based on cluster analysis” uses the clustering algorithm to identify low-innovation users. Section “5. Conclusion and suggestions” summarizes the analysis results and puts forward suggestions for commercial application.



2. Literature review

There have been many studies on the user behavior of Bilibili. Rong (5) and others revealed that appropriability resources are necessary for the user engagement of short video platforms. Liu (6) analyzed the variables including the content and function of the barrage video websites that significantly impact the user experience. Guo Zhang (7) investigated the game video creators’ playbour on Bilibili and argues that video creators can barely escape from the unequal labor relationship, constructed by the platform. To sum up, the theoretical research on the behavior characteristics of Bilibili is relatively rich, while the empirical research is still deficient. This paper crawls the real-time data of Bilibili to identify the users of Bilibili, and the results are more authentic, which can better provide professional suggestions for the platform managers.

In this paper, factor and cluster analyses are used to realize the recognition of user features. Some scholars have studied the research based on these two methods in the field of user feature recognition. Meng (8) through social network analysis combined with cluster analysis to explore the heterogeneity of user interaction behavior and contribution behavior and finally establish five different user roles. Al-Durgham (9) used factor and cluster analyses as a tool for patient segmentation applied to hospital marketing in Jordan. Liu (10) proposed a new algorithm for identifying users of wild calling based on cluster analysis. From the above, the research system of user identification using clustering and factor analysis methods is mature, and scholars have not applied these two methods to the user data of Bilibili. As the mainstream video platform in China, the economic benefits of Bilibili cannot be underestimated. Therefore, the economic significance of the analysis of Bilibili data in this paper is more profound, which can make up for the gap in the current research system.



3. Feature extraction of low invasive users based on factor analysis


3.1. Data description

The data used in this paper are crawled from the website where the user information is stored in Bilibili. The sample contains 8,579 user information, which has been counted since the second half of 2022. The specific variable description is shown in Table 1. In addition, this paper also establishes derivative variables to describe the quality level of creators’ works: a_fans = fans/archives, a_like = like_num/archive, and a_view = view/vcount. This paper selects 11 evaluation indicators from three aspects of user’s personal information, user’s popularity, and user’s creative level to analyze the creative characteristics of Bilibili users. The specific variable description is shown in Table 1.


TABLE 1.    Variable description.
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3.2. Factor analysis results

Factor analysis uses dimensionality reduction technology to reduce complex original variables to a few common factors, so as to draw the correlation between the original variables. Unlike principal components, the common factors constructed by factor analysis are more clear and easy to explain.




3.2.1. Applicability test

Standardize the four variables that describe the popularity of users and the level of users’ creation and the two quantitative variables that concern the number of contributions, and use the KMO test and Bartlett spherical test to test the applicability of user data in Bilibili. The results show that the KMO value = 0.604, which is greater than the critical value of 0.6. If Bartlett’s spherical test approximation χ2value = 36,298.633, degree of freedom is 28, and significance P = 0.000, then reject the original assumption that the covariance matrix is the unit matrix, indicating that there is a strong correlation between the variables, indicating that the data containing each variable is suitable for factor analysis.



3.2.2. Extract common factors

Calculate the simple correlation coefficient of the variables used above, and obtain the correlation coefficient matrix to describe the correlation degree between variables. The correlation coefficient matrix is shown in Table 2. The matrix results show that the total playback volume has a strong correlation with the number of fans and likes, indicating that users tend to pay more attention to and like high-quality works.


TABLE 2.    Correlation coefficient matrix.
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There is a high correlation between the number of fans and the number of likes, which indicates that high-quality creative works often make users prefer to make attention and likes. The correlation coefficient between the total playback volume and the number of contributions is high, and the correlation between the total playback volume and the average number of fans, the average number of playback, and the average number of likes is low, which indicates that the overall data of users with a large number of contributions is considerable, but it is not equal to the average creation level of a single video. There may be some users who mainly focus on quantity and create a large number of inferior videos through a few gags on the cover of works or by moving other website resources. Due to the lack of good content and meaning of videos, the average number of fans and the average number of liked videos are not high, which is one of the representative characteristics of low-innovation users.

According to Table 3, the principal component analysis method is used to calculate the component matrix and characteristic root and select the components with characteristic root greater than 1, namely, the first three common factors, with a cumulative contribution rate of 85.10%. It shows that the first three common factors can explain 85.10% of the total variance. According to the principle that the cumulative variance contribution rate is greater than 80% (11), the information contained in the sample can be basically extracted. On this basis, in order to better explain the meaning of the factor, the factor rotation is carried out, and the variance maximization orthogonal rotation is adopted. The results are shown in Table 4. The number of common factors is determined to be 4, which are, respectively, recorded as F1,F2,F3,andF4. The factor load matrix after rotation is shown in Table 5.


TABLE 3.    Characteristic root and variance contribution of each factor before rotation.
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TABLE 4.    Characteristic root and variance contribution of each factor after rotation.
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TABLE 5.    Factor load matrix after rotation.

[image: Table 5]

First factor F_1—the load on the number of fans and the number of likes is high. These two variables reflect the comprehensive evaluation of creators and are related to the overall level of creators. Therefore, this factor F_1 is defined as a user feedback factor. Second factor F2in the field of high attention load, which mainly reflects the hobbies of users in Bilibili. F_2 is defined as a hobby multiple factor. Third factor F_3—the average load of fans, likes, and plays is high, which mainly reflects the user’s creative level. F_3 is defined as the video quality factor. Fourth factor F_4—the load of the total number of submissions and the total broadcast volume is high, which mainly reflects the production scale of users. F_4 is defined as a user influence factor. According to the weighted average of the four common factor scores and the contribution rate, the result is the comprehensive score calculation formula:
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The maximum-likelihood method factor analysis of regression estimation method is used to solve the factor scores of all samples and extract representative samples with obvious characteristics. The results are shown in Table 6.


TABLE 6.    Factor score.
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It can be seen that the score of the user impact factor in sample 1 is low, but the score of the user feedback factor and video quality factor is high, which indicates that the works created by such users are of high quality and can attract more fans with less contributions. They should be users who can promote the upgrading of video quality and content in Bilibili and belong to high-quality creators. Therefore, such users are called “high-tech” users. The user impact factor score of sample 2 is high, but the user feedback factor and video quality factor score are low, showing the characteristics of high comprehensive evaluation, low fan retention rate, and low praise rate of a single video. Such users can be defined as “low-innovation users.” In sample 3, the scores of three factors are high, except for the love factor, which indicates that such users are highly popular and professional. This type of user is often able to obtain a lot of economic benefits from Bilibili and also bring traffic to Bilibili. This article defines this type of user as “UP master” user. In sample 4, only the multiple factor of hobbies has a high score. Such users often only browse the videos posted on Bilibili without producing original works. Such users are defined as “transparent” users. The rest of the samples have no obvious features or the meaning of their index features is not clear, and the composition is complex. In fact, they occupy a large part of the user composition. This category of users is defined as “ordinary” users.



4. User classification and recognition based on cluster analysis


4.1. KMeans clustering algorithm introduction

After factor analysis, cluster analysis is carried out on the samples, and the clustering diagram can be drawn to make the analysis results more intuitive.

Clustering technology is to divide the classified objects into several categories based on certain rules. It is the most commonly used method for user identification analysis. KMeans clustering divides the original data set into K groups according to the similarity of service characteristics. The input of KMeans clustering includes the number of categories K and training sample data, and the output is the group set of K categories (12). KMeans is a classic algorithm to solve the clustering analysis problem (13). When the sample size is large, the results obtained by this method are fast and easy to understand, so it is widely used.



4.2. KMeans clustering algorithm process

Clustering is a kind of unsupervised learning method, which aims to make the similarity within clusters higher, while the similarity between clusters lowers. Considering that the data set in this paper contains both qualitative and quantitative variables, the order of magnitude between the data is large. In the process of clustering, all quantitative variables are logarithmically transformed.

The KMeans algorithm includes the following steps.


Step 1: Divide the initial sample into K classes. According to the results of factor analysis in Section “3. Factor analysis results,” the value of K is set to 5. Namely, five samples are randomly selected as the initial class.

Step 2: Calculate the sum of squares of the distance from all samples to the center of the class through Euclidean distance, divide each sample into the nearest class to the center, and recalculate the center target for the new class.

Step 3: Repeat Step 2 until all samples can no longer be classified.



After using factor analysis to reduce the data dimension, the four common factor scores of all samples are used as new variables for cluster analysis, and the KMeans clustering method is selected. A total of 8,579 samples are divided into five categories by clustering, and the number of samples is 11, 52, 953, 18, and 7,545 respectively. Table 5 shows the final average value generated by each column value in each cluster. Based on the conclusion of factor analysis, the first category of users is characterized by a high creation level and large audience size and belongs to high-quality creators, so this category of users is “high-quality” users. The second type of users presents the characteristics of wide hobbies but low creative intention or low creative level and usually only appreciate the videos of Bilibili. Therefore, such users are “transparent” users. The third category of users is characterized by high playback volume and low single-video data. This category of users is “low-innovation” users. The fourth category of users has a large scale of fans, high video quality, and has formed an operational production team. This category of users is often “UP master” users. The fifth category of users has no obvious characteristics, but the number of samples accounts for 87.95% of the total sample, which is a relatively high proportion of ordinary users.

According to the results, Bilibili has the highest proportion of ordinary users, up to 87.95%. The second is low-innovation users, accounting for 11.11%. Although the proportion of low-innovation users is relatively small, the number of them is far more than that of UP master users and high-innovation users, which indicates that the prospect of Bilibili is not optimistic, and the situation of being driven by interests to make up the number is not significant, which will put Bilibili in a disadvantage. Therefore, Bilibili should subdivide the user’s creative ability as soon as possible, set incentives differently, ensure the quality of works, and create a good atmosphere for creation.



4.3. Cross-analysis of various users

In order to visually display the characteristics of the five categories of users, Figures 1, 2 show the distribution of the four discriminating factors on the five categories of users: liked number, played number, liked average number, and played average number.
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FIGURE 1
Clustering results of number of plays (logarithm) and number of likes (logarithm).
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FIGURE 2
Clustering results of average number of plays (logarithm) and average number of likes (logarithm).


From Table 7, using the clustering model to subdivide users can better identify “low-innovation” users, “high-innovation” users, “transparent” users, and “UP master” users and can effectively achieve the research goal of this paper: identify and classify the “low-innovation” users of Bilibili.


TABLE 7.    Clustering results.

[image: Table 7]

It can be seen from the figures that the low-innovation users are similar to the “UP master” users in terms of playback volume and average playback volume, but they are similar to transparent users in terms of average liked volume and liked volume. This shows that the reason for low user turnover is probably low video quality, low fan conversion rate, and low retention rate. Ordinary users are similar to high-tech innovation users in terms of average playback and volume, but there are obvious differences in terms of average and volume of likes between ordinary users and high-tech innovation users, indicating that ordinary users cannot improve their average creative level even if they increase their playback volume by increasing the number of contributions. There is no obvious difference between the average broadcast and fans of high-tech users and “UP master.” The difference is mainly reflected in the overall number of likes. For high-tech users, if they want to become influential and have a large number of fans, they can expand their popularity and attract more traffic fans by increasing their contributions.




5. Conclusion and suggestions

This article mainly starts from two aspects: (1) monitor and identify “low-innovation” users and (2) set stricter incentive thresholds for “low-innovation” users.


(1)Monitoring and identification: identify “low-innovation” users through the clustering model. For users who have low average fans and low average but still produce a large number of videos, appropriately recommend them to participate in some incentive activities launched by Bilibili, or delete some of their “low-innovation” videos to improve the overall video quality of Bilibili.

(2)Incentive measures: propose different incentive measures for different user characteristics.



For “low-innovation” users, you can set the threshold value of the average value of praise and the average value of fans in the incentive plan, so as to encourage these users to improve the quality of their works, rather than just increasing the amount of their works played and the number of works.

For ordinary users, we should focus on their video quality. Because these users have the characteristics of high fans and high likes, they are the most likely to become UP master users. At the same time, it is noted that the average number of fans and the average number of likes of these users are low, which indicates that the video quality of these users is uneven. Therefore, it is necessary to strengthen the video quality monitoring of these users, so as to improve the overall video quality of Bilibili.
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