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Abstract

:

Knowledge payment is a new type of E-learning that has developed in the era of social media. With the influence of the COVID-19 epidemic, the knowledge payment market is developing rapidly. Exploring the influencing factors of users’ continuance intention is beneficial for the sustainable development of knowledge payment platforms. Our study took “Himalayan FM” as an example and included two studies: Study 1 used latent dirichlet allocation (LDA) to explore the main factors affecting the users’ willingness to continue use, through mining user comment data on the knowledge payment platform; Study 2 constructed the conceptual model by integrating the technology acceptance model (TAM) and IS success model (IS) and carried out empirical analysis by SPSS and AMOS using the data that were collected through the questionnaire. The results show that: (1) perceived usefulness, user satisfaction, and spokesperson identity have a direct positive impact on users’ willingness to continuous use, while perceived cost has a direct negative impact on users’ willingness to continue use; (2) perceived ease of use, content quality, and system quality of knowledge payment platforms impacted user satisfaction directly, then affected users’ willingness to continue use indirectly; (3) users’ perceived enjoyment, membership experience, auditory experience, and other factors also directly impacted user satisfaction, affecting users’ willingness to continue use indirectly. This study effectively expands the factors influencing knowledge payment users’ willingness to continue use and provides a useful reference for the sustainable development of knowledge payment platforms.
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1. Introduction


Traditional education systems have been completely challenged by the COVID-19 pandemic [1]. Simultaneously, advances in digital technology and computer science have transformed the educational mode from traditional face-to-face education to smart learning that is based on E-learning [2]. Jacques et al. [3] also pointed out there are few barriers in the synchronous approach to E-learning. Due to the COVID-19 epidemic, the economic and mental pressure that was faced by the public has increased significantly, resulting in “anxiety to improve themselves to avoid being left behind by society”. This kind of anxiety further led to a sharp increase in user demand for knowledge-based products [4]. In this context, the knowledge payment platform has been popularized because it can accurately satisfy the user’s diversified, fragmented, and interdisciplinary learning needs and expectations. Furthermore, according to the United Nations 2030 Agenda for Sustainable Development [5], the sustainable development of online learning platforms would have significance for building inclusive and effective learning environments for all and great potential to accelerate the development of knowledge societies [6]. Therefore, the sustainable development of knowledge payment platforms is increasingly important for sustainability in quality education.



The rapid development of the mobile Internet provides a large amount of free information. However, the availability of massive amounts of information makes it difficult and inefficient for knowledge demanders to choose quality content. Facing the exponential growth of Internet information and the scarcity of attention, paying for knowledge helps knowledge consumers acquire valuable information effectively, and incents knowledge providers to produce high-quality content. In the knowledge payment market, knowledge payment platforms bridge the gap between knowledge providers and knowledge consumers. Therefore, knowledge payment is a new type of E-learning that was developed in the era of social media. It means that the knowledge users pay for the knowledge products or services that are processed and packaged by the knowledge provider [7]. For the knowledge providers, with a surplus of cognition and time [8], it is a way to exchange knowledge products or services for commercial value and social value in the knowledge payment platform. As a way of knowledge dissemination, the purpose of the knowledge payment platform is to provide suitable learning conditions and high-quality knowledge products or services for the public.



Differing from traditional education and training modes, demanders of knowledge payment platforms have a solid and active willingness to learn and pay attention to the cost of time and energy, the quality of professional knowledge, and the teaching level of the knowledge providers [9]. Knowledge payment platforms also want to promote user satisfaction and loyalty by providing higher quality knowledge products and better experience [10]. However, the increasingly homogenous competitive situation of payment knowledge platforms has led to the problem of insufficient user retention [11]. Therefore, exploring the key factors that affect users’ willingness to continue using paid knowledge can effectively supplement the information system theory, and promote the development of the knowledge economy.



These knowledge products and services are usually spread through the Internet and smart terminals. Users’ opinions on knowledge products and payment platforms themselves will be more likely to be published on the Internet [12]. Posting online reviews is a behavior with a high penetration rate [13]. Its content is precisely the user’s actual evaluation and emotional expression, which provides favorable conditions to apply text mining methods to explore the potential factors that affect users’ willingness to continue to use. Through review mining, we can grasp consumers’ demands and expectations on time, which can help the knowledge payment platforms improve product positioning and service models. This is conducive to the sustainable development of knowledge payment platforms and to people’s sustainable access to online learning resources, thereby promoting the construction of a lifelong learning system and learning society.



The content of this research and the rest of the paper is the following: Section 2 reviews the literature on continuance intention and research methods. In Section 3, Study 1 applies LDA to explore the influencing factors of continuance intention from users’ comment data. In Section 4, Study 2 aims to verify the validity and intrinsic relationships of the factors that were found in the topic identification and carries out an empirical study to examine the factors that affect the continuance intention by expanding the integration of the TAM and IS model and investigates the underlying mechanism that affects users’ continued use of knowledge payment platforms. The two methods complement each other, through empirical evidence making up for the lack of manual topic identification and enriching the expansion variables of the knowledge payment field. Section 5 draws conclusions.




2. Literature Review


Continuance intention is an intention or long-term usage of a technology after initial adoption [14]. In recent decades in the domains of information systems or internet products, numerous theoretical models have been developed to predict and explain the users’ continued use of Internet products. E-learning is a teaching approach that is also referred to as online learning or electronical learning, which is based on the use of electronic media and devices as tools for improving the availability of training, communication, and interaction [15]. Knowledge payment is one type of E-learning, therefore, the topics that were used for the review were E-learning and its research methodology.



The literature search was conducted in December 2021 using these search terms: E-learning, knowledge payment, continuance intention, user satisfaction, influencing factor, topic identification, TAM, and others. We conducted searches of repositories (e.g., Springer, ScienceDirect, MDPI) and filtered the literature according to the contribution to the development of the research area. Then, we screened the remaining literature once more and mainly kept the literature from the last five years.



2.1. Technology Acceptance Model Perspectives of E-Learning


Davis [16] proposed the technology acceptance model (TAM), which was developed from the theory of reasoned action (TRA) in the fields of information systems and computer technology. It is a widely accepted model and used in E-learning to investigate users’ acceptance [16,17,18,19]. In TAM, the perceived ease of use (PEOU) and perceived usefulness (PU) are the two main factors that are used to explain differences in user behavioral intention (BI) and actual use (AU) [20].



Different scholars [21,22,23] introduced the influencing factors in different fields into the TAM to explore the impact of perceived usefulness and perceived ease of use on users. In the context of COVID-19, a number of academic researchers have explored students’ acceptance of technology learning [19,24,25], and detected differences in acceptance between the disciplines, enriching and extending the external factors of the TAM that is associated with the E-learning acceptance. Based on TAM, Humida et al. [18] predicted the factors that influence students’ behavioral intention to use the E-learning system in Bangladesh, and showed that perceived usefulness and perceived ease of use were positively and significantly influenced by perceived enjoyment.



However, some scholars [10,26] have contended that the TAM investigates human behavior intention only at the cognitive level, neglecting its indicators and directly investigating the external variables and ignoring the relationship between usage attitude and usage intention. Davis [16] also suggested that researchers extend TAM with external variables that are based on different theories in different technology fields.



In order to research a more complete IT acceptance model, an extended TAM with additional external factors was used to investigate the acceptance and usage of online learning. For example, Jiang et al. [27] found that perceived enjoyment and self-efficacy (SE) did not significantly predict the perceived usefulness and perceived ease of use, due to the limitations of online classes and the instability of the internet. In the research of Prendes-Espinosa et al. [28], digital competence poses a great challenge for teachers because they also need to learn new digital technologies, which directly influences their students’ training. Salloum et al. [15] summarized TAM’s most extensively used external factors concerning the E-learning adoption studies, including computer self-efficacy, subjective/social norm, perceived enjoyment, system quality, information quality, content quality, accessibility, and computer playfulness. Al-Rahmi et al. [26] used extended TAM and IDT to explore the potential factors influencing students’ behavioral intentions use of the E-learning system, and proposed that the variables affecting the perceived usefulness and perceived ease of use are the relative advantages, complexity, observability, etc. These variables are applicable to the study of behavior intention to use, but the factors affecting continuance intention needs to be further explored.



E-learning systems are a form of information system that incorporates human factors (i.e., learners and instructors) and non-human factors (i.e., learning management systems). Therefore, it is crucial to examine the factors that are associated with these as external variables to TAM. DeLone and McLean developed the model of IS success [29]. This model comprises of six success factors that measure IS success, namely, organizational impact, individual impact, use, user satisfaction, system quality, and information quality. Mailizar et al. [30] found that to ensure the sustainable use of E-learning during the pandemic and beyond, the quality of the E-learning system is crucial. The updated DeLone and McLean IS success model (IS) has been widely used to investigate the quality factors on usage behaviors in an E-learning system [31], and the integration of TAM and the IS model has also been applied to investigate the intention to use the E-learning system consistently [32,33]. Overall, the integration of the TAM and IS model is suitable to be used to explore intention to use E-learning, but external factors regarding the intention to use E-learning need to be further explored during the epidemic. The text of users comments provides a new source of data for this study to explore external factors.




2.2. Latent Dirichlet Allocation in E-Learning


Unlike traditional learning methods, self-learners can release millions of course-related comments in discussion forums in an E-learning environment, so how to evaluate large volumes of qualitative data that these large online courses generate is a big challenge. The LDA topic models can identify emerging themes from a large collection of documents. Scholars have introduced LDA to E-learning, using natural language processing to capture users’ concerns and make suggestions. Table 1 summarizes the related literature on the use of LDA in E-learning. LDA can obtain a topic word distribution matrix and a topic-comment distribution matrix that can describe the topics of the course comments through text mining. Further, utilizing different topics can also establish a comprehensive curriculum evaluation system [12]. Lin et al. [34] put forward a kind of method which can effectively improve the effect of personalized course recommendations that are based on LDA. The results showed that E-learning could have high user satisfaction for training investigators of clinical studies and medical students. In E-learning systems, the LDA model is effective in exploring the interests of users and helps to build an accurate recommendation system for users’ interests [35]. Natural language processing may be beneficial in the analysis of large-scale educational courses [35].



The current E-learning research was mainly based on TAM, and the selection of influencing factors comes from the theoretical analysis and practice experiences of different fields [15,26,27,30]. There is a growing trend to use text mining methods to explore the influences that are associated with user-generated content (UGC) with the aim of exploring learners’ attitudes toward the online courses [12,34]. In addition, knowledge payment is an emerging form that originated from online learning and E-commerce, and there has not been a systematic study of the willingness to continue using knowledge payment. Therefore, this article uses the LDA topic model to analyze the online comments of knowledge paying users and extracts the key factors that affect the users’ continuous use intention from the user’s perspective. On this basis, we combined this with TAM and IS model to establish a conceptual model of the user’s continuous use intention formation mechanism and carried out empirical research to verify these influencing factors.



In general, by learning E-learning experiences from the learners perspective, we can group these aspects to enrich external factors of the TAM based on data that were mined from online comments, improving the effectiveness of the model and compensating for the problems that are caused by empirical data.





3. Study 1: Exploring the Factors Based on Review Mining with Latent Dirichlet Allocation


Using text mining, this section explores the users’ comments on a knowledge payment platform to mine topics that the users focus on. Then, we find the key factors affecting users’ continuance intention from the users’ perspectives, which lays a foundation for constructing a conceptual model of users’ continuance intention in the next section.



3.1. Data


This study selects Himalayan FM as a research object. Himalayan FM is a knowledge payment platform that is dedicated to audio sharing that has grown up in the digital economy and includes many knowledge products such as education, humanities, finance, economics, and audiobooks. Another feature of it is the ability of the knowledge providers to deliver knowledge content to users in the form of anchors. The user’s comment text of this app in the app store is used as the research data. There are two reasons for the data selection. First, Himalayan FM has been ranked highly for a long time on the iPhone operating system (iOS) and Android application stores [41]. It performs excellently according to evaluations that are based on indexes, such as users’ activity, total online time, and startup times [42]. Second, users’ comments in the client-side of the knowledge payment platform APP mainly focus on a certain knowledge-based product and service rather than the platform itself. As it takes a higher time-cost in making comments in app stores, users’ comments in app stores are often the users’ real feelings and evaluations on their overall experience of the products and services. The AppStore is unique to the iOS system, and Huawei mobile phones occupy the highest market share of Android phones in China. Therefore, we collected comment data from Himalayan FM both in the iOS AppStore and HUAWEI AppGallery to ensure the comprehensiveness and validity of the data, and the data are listed in Table 2.



The data were cleaned by Python 3.8, including ① removing duplicate system default praise text, ② removing comment texts whose length is less than or equal to 3 words, and ③ extracting Chinese comment texts. Finally, 126,718 valid comment texts were obtained, 65,707 for the iOS AppStore and 61,011 for the HUAWEI AppGallery separately.




3.2. Methods


Latent Dirichlet allocation (LDA) is a three-layer Bayesian topic model that was proposed by Blei et al. [43], which discovers the topic-related information that is hidden in the text through the unsupervised learning method aiming to find the implicit semantic dimensions of these “Topic” or “Concept” from the text. Based on the LDA topic model, a framework of user comment mining of the knowledge payment platform is constructed in Figure 1.



	(1)

	
Word segmentation and part-of-speech filtering







The absence of clear separation marks between Chinese texts is a significant feature distinguishing Chinese from most other languages [44]. Jieba is a word segmentation library that Python uses exclusively for Chinese word segmentation, which is widely applied due to its excellent word segmentation efficiency [45]. As comment texts are short and unstructured, this study adopts the exact mode of Jieba for word segmentation in the text sets. In addition, the part of speech is tagged in the comment texts, and non-noun texts are filtered by using the posseg function in the Jieba word segmentation library.



	(2)

	
Removing stopwords and word frequency statistics







To ensure the comprehensiveness of the stopword dictionary, this research summarizes stopwords in Harbin Institute of Technology, machine intelligence laboratory of Sichuan University and Baidu and stopwords relating to GitHub to obtain a customized stopword dictionary including a total of 2462 stopwords. After removing the stopwords, the word frequency statistics are made on the data with stopwords removed by using the Counter function of Python to verify validity of the results and find noise words.



	(3)

	
Data processing







The data are processed again in this study according to the following three steps:



① High-frequency useless comment contents, including advertisements, are manually screened. Anomalous high-frequency words are conducive to finding a lot of advertising comments from comment data. In this study, 2781 invalid comment texts are screened and deleted by manually browsing comment texts.



② A customized word segmentation dictionary is constructed. According to word frequency statistics, the customized word segmentation dictionary is constructed, mainly adding Internet glossary and specialized vocabularies in knowledge payment.



③ The stopword dictionary is supplemented. After filtering part of speech and removing stopwords, there are still a large number of meaningless words that are irreverent to topics. Therefore, the existing stopword dictionary is supplemented according to word frequency statistics. In order to reduce the noise of the comment texts as much as possible, we classified and added the high frequency words with unreasonable segmentation into customized word segmentary dictionary and stopword dictionary based on the results of three word-sorting experiments, thus obtaining the final word frequency statistics in Table 3.



	(4)

	
Weighting based on term frequency-inverse document frequency







Term frequency-inverse document frequency (TF-IDF) tends to filter out common words and retain words with a strong ability to predict topics. By utilizing the doc2bow function of Gensim [46] module in Python 3.8, the preprocessed comment data are transformed into the form of word vectors and then the feature words are weighted with the TF-IDF model of Gensim, so as to substitute the data into the LDA model.



	(5)

	
LDA model training







For the LDA topic model, the number of topics is an essential factor affecting the quality of text mining. The optimal number of topics is determined by the perplexity in this research [47]. It is generally believed that the lower the perplexity is, the better the model training effects. However, for the LDA topic model, the lower the perplexity is, the more the topics. At the same time, the classification of texts will lose the sense of clustering due to excessive refinement with the increase of the number of topics. Therefore, an inflexion point of the curve relating to the perplexity and the number of topics is selected as the optimal number of topics in this study [43]. Based on the perplexity of topics that were calculated through the math function in Python 3.8, the perplexity curve drops dramatically with the continuing increase in the number of topics. When the number of topics is 10, the perplexity curve is at the lowest point and then rises, so the optimal number of topics is determined as 10.




3.3. Topic Identification


The number of topics is determined as K = 10 in this research. By setting the hyperparameter of Dirichlet prior distribution as α = 1/K, β as auto (automatic mode) and the number of iterations as 500 (default number), the probability distribution of topics and feature words can be obtained and lexical items ranking top 20 are selected as feature words. Furthermore, the probabilities of each document belonging to different topics are obtained by calculating the probability distribution of documents and topics to calculate the intensity of topics representing the users’ degree of attention on a topic in a certain time window [48].



Topic identification is a manual identification process of training results of the topics based on LDA. In the topic-recognition step, Ray et al. [39] identified the useful topics for each construct by analyzing the related terms. The extracted topics are potential influencing factors for users’ continuance intention towards the knowledge payment platform. In general, a large number of feature words are not conducive to topic modelling. Considering this, this study selects 10 feature words with a strong ability to express topics from the top 20 feature words of each topic for manually identifying the topic by browsing comment texts and visiting senior users of the knowledge payment platform and experts in the consulting field. By doing so, the topics that were mainly concerned by the users of the knowledge payment platform are identified. The results of topic identification, sorted by intensity, are demonstrated in Table 4.




3.4. Results Analysis


As shown in Table 4, there is a certain correlation between the internal lexical items of different topics. For example, the feature words, such as content, good book, work, and quality appear in topics, such as content quality, advertising content, resource experience, and lecturer quality. Feature words relating to the expense including payment, pageviews, and money do not merely exist in the topic of perceived costs. Content quality includes the content quality of knowledge payment products and contains lecturer quality, an abundance of resources, and loading of advertising content. Therefore, considering specific usage situations and the semantic correlation of comment texts of users, the topics including advertising content, resource experience, and lecturer quality are incorporated into the topic of content quality to refine factors affecting users’ continuance intention.



In conclusion, through text mining of users’ comments on the knowledge payment platform, this study extracts seven influencing factors: content quality, perceived enjoyment, membership experience, auditory experience, spokespersons of the platform, system quality, and perceived costs. Furthermore, based on the TAM and IS, the content quality is used as the explanatory variable of the perceived usefulness, and the topic of system quality is set as the explanatory variable of perceived ease of use. In this way, the external variables of the TAM are enriched in the context of knowledge payment. To verify the objectivity and accuracy of these factors, the empirical method of a questionnaire survey is used in Study 2.





4. Study 2: Empirical Test of Influencing Factors Based on Technology Acceptance Model and Is Success Model


The TAM can predict users’ continuance intention in the information system, while external variables need to be added in different research to ensure the applicability of different models [15]. In this study, we retain the existing variables of the TAM, namely the perceived usefulness and the perceived ease of use, and on the basis of IS add the variables of user satisfaction and continuance intention according to the research purpose. Meanwhile, the mining (above) results of the users’ comments on the knowledge payment platform are integrated with the TAM. Finally, seven variables are introduced to construct the conceptual model of the users’ continuance intention to the knowledge payment platform, namely, quality, system quality, perceived enjoyment, membership experience, auditory experience, sense of identity spokespersons, and perceived costs.



4.1. Conceptual Model Based on Technology Acceptance Model


Based on the topic identification and TAM, this study constructs the conceptual model of users’ continuance intention to the knowledge payment platform, as shown in Figure 2. In this model, the perceived usefulness, perceived ease of use, and user satisfaction are mediators. On the one hand, the content quality, system quality, perceived enjoyment, auditory experience, and membership experience represent the user experience or the emotional response to the quality and function of the knowledge payment product. Therefore, we use these five elements as independent variables of user satisfaction. On the other hand, the spokesperson represents the brand promotion strategy, and cost represents the pricing strategy of the knowledge payment product. The above two factors do not directly affect the consumers’ perceived quality and the function of the knowledge payment product. Therefore, we take these two elements, spokesperson identity and perceived costs, as independent variables of users’ continuance intention.




4.2. Construct Definition and Hypothesis Development


	(1)

	
Continuance intention







When a new information system is viewed by enough users, how to retain these users is the key problem for enterprises to consider [14]. In this study, continuance intention (CI) refers to the willingness of users to continue using the knowledge payment platform constantly in a certain period in the future, which can promote the generation of continuous use behaviors of users [49]. For the operators of the knowledge payment platform, mastering influence factors for users’ continuance intention to the knowledge payment platform is favorable for establishing the core competitiveness of enterprises and can provide reference suggestions for the management and training of knowledge suppliers.



	(2)

	
User satisfaction







User satisfaction (US) refers to the subjective evaluation of users on an information system. In this research, it refers to the users’ subjective feelings after using and experiencing the functions and services of the knowledge payment platform. User satisfaction with using the information system positively affects their use attitude [50] and is an important source of shaping continuance intention [51]. Many scholars have also proved the positive effects of satisfaction on continuance intention in the theoretical model of continuance intention to the extended information system [52]. Dai et al. [53], taking the large-scale open online course platform MOOC as the research object, confirmed that user satisfaction plays a crucial role in users’ continuance intention. Therefore, the following hypothesis is proposed:



Hypothesis 1.

User satisfaction positively affects users’ continuance intention.





	(3)

	
Perceived usefulness







Perceived usefulness (PU), a key variable of the TAM and expectation confirmation model (ECM), is a subjective evaluation of self-promotion that is perceived by the users when using the technology or an information system. Barnes et al. [54] proved the positive effects of perceived usefulness on user satisfaction by studying the users’ behaviors. When a knowledge payment platform can meet the demands of the users and bring functional value to the users, the users will be more satisfied with the knowledge payment platform and more willing to continue using the platform. Lee et al. [55] demonstrated that high-perceived usefulness promotes web-based learners’ satisfaction and continuance intention. Therefore, the hypotheses are proposed as follows:



Hypothesis 2.

Perceived usefulness positively influences user satisfaction.





Hypothesis 3.

Perceived usefulness positively affects users’ continuance intention.





	(4)

	
Perceived ease of use







The perceived ease of use (PEOU) is the core element of the TAM and positively influences the perceived usefulness and users’ attitudes toward the platform [16,56]. In this research, it refers to the perceived ease of users when using the knowledge payment platform [16], such as simple operation, fast search, and sound functions. Previous research has confirmed that the perceived ease of use significantly affected the perceived usefulness [55,57,58]. Furthermore, prior studies showed that the perceived ease of use strongly predicted user satisfaction toward the use of E-learning [59,60]. When the degree of the perceived ease of use is high, the users perceive more help from the knowledge payment platform in improving their performance and satisfaction while perceiving the usefulness of the knowledge payment platform. Therefore, the following hypotheses are put forward:



Hypothesis 4.

Perceived ease of use exerts positive influences on the perceived usefulness.





Hypothesis 5.

Perceived ease of use has positive effects on user satisfaction.





	(5)

	
Content quality







Content quality (CQ) refers to the quality of the knowledge payment products on the platform, including high-quality knowledge content, abundance of learning resources, teaching level, and service quality. The content quality theme is derived from the identification of the LDA model, which includes rich in content, function, and quality. This theme has a high weighting, and users are more concerned about the content quality. Lin et al. [61] found that the high quality and abundance of course content play a positive role in improving the users’ perceived usefulness in the study of online learning. Ozkan et al. [62] in their study highlighted the importance of usefulness of the content, that is, having a positive impact on user satisfaction, and quantitative results proved that interactive content is significant in both blended and online learning. Therefore, the following hypotheses are put forward:



Hypothesis 6.

Content quality positively influences the perceived usefulness.





Hypothesis 7.

Content quality positively affects user satisfaction.





	(6)

	
System quality







System quality (SQ) means the operation quality of the knowledge payment platform, including indexes, such as ease of use, flexibility, reliability, user-friendliness, and maintainability [63,64]. The system quality is characterized in the model by words such as version, system, tone quality, server, etc. This is one of the criteria that users use to measure the merits of knowledge payment platforms. The system quality obviously has a positive effect on the perceived ease of use [58]. In addition, the research of the information system success model (ISSM) [63] and Petter et al. [65] points out that system quality positively affects user satisfaction. Therefore, the following hypotheses are proposed:



Hypothesis 8.

System quality positively influences the perceived ease of use.





Hypothesis 9.

System quality exerts positive effects on user satisfaction.





	(7)

	
Perceived enjoyment







Perceived enjoyment (PE) refers to the degree of pleasure and fun that users feel when using technology or an information system [66]. In this study, it implies the fun that is experienced by users when using the knowledge payment platform. The feature words are joke, mood, culture, leisure, etc. In the mobile Internet environment, the users’ perceived enjoyment and usefulness for content and services play a positive role in user satisfaction [67,68]. Different from online education platforms, the knowledge payment platform offers knowledge that is acquired to help users improve professional skills and needs to please the users so that they can enjoy subjective pleasure and relieve individual life or work pressure. When the users experience the pleasure of learning, they have positive emotions about learning styles, so the perceived enjoyment is an influencing factor that cannot be ignored. Therefore, the hypothesis is made as follows:



Hypothesis 10.

Perceived enjoyment exerts positive influences on user satisfaction.





	(8)

	
Auditory experience







Knowledge payment in the form of audio is popular because it can liberate users’ hands and eyes. Auditory experience (AE) has also become an important experience for users in the knowledge payment platform. The auditory experience theme that was identified from the user review content has an important impact on the user’s experience, and the characteristic words of this theme include sound, sound effect, dub, etc. An enjoyable auditory experience means a satisfactory product experience. A well-designed sound product can bring users sensory pleasure, thus positively impacting the overall appreciation of the product [69]. Therefore, the following hypothesis is made:



Hypothesis 11.

Auditory experience has positive effects on user satisfaction.





	(9)

	
Membership experience







Membership marketing plays a vital role in mining value, improving retention, and strengthening users’ continuance intention. Membership experience (ME) in this research refers to the users’ subjective feelings that are brought by differentiated services after becoming members of the knowledge payment platform, which usually includes content, function, and welfare privileges. This theme contains feature words such as member, profession, customer service, etc. When users can obtain better experience after becoming members, user satisfaction will be improved accordingly. Therefore, the following hypothesis is proposed:



Hypothesis 12.

Membership experience positively affects user satisfaction.





	(10)

	
Spokesperson identity







The sense of identity is a kind of response in which individuals acquire inner cognition and turn the nature or characteristics of identified events into a part of the individual psychological structure [70]. The loyalty of consumers can increase with the enhancement of their sense of identity to a product or an enterprise [71]. The sense of identity of users to spokespersons of the knowledge payment platform is mainly explored in this research. The main focus of users on this topic is celebrity endorsement, with the words Wang Yibo, Yiyang Qianxi, fans. McCracken’s [72] model of transference’ is designed to explain the process by which celebrity endorsements increase consumer purchase intentions, that is, the public transfers celebrity characteristics to their perception of the product. The greater the match between the spokespersons and the product, the higher the purchasing intention of the consumers. This consistency is an important predictor [73]. A spokesperson is a person who shows brand images and characteristics through statements or behaviors in brand promotion activities [74], and is a key carrier for consumers to establish a relationship with a brand [75]. By analyzing comment data about spokespersons, the users’ sense of identity to spokespersons of the knowledge payment platform greatly affects continuance intention. Therefore, the hypothesis is proposed as follows:



Hypothesis 13.

Sense of identity to spokespersons (SI) has positive effects on users’ continuance intention.





	(11)

	
Perceived costs







The perceived costs (PC) in this study imply subjective evaluation on payment when the users use the knowledge payment platform. The costs that are incurred by users in the knowledge payment platform are usually reflected in communication costs, purchasing products, purchasing members, and time and energy consumption. Based on the LDA model, we identify the topic containing the feature words charge, recharge, and cost-free listening as perceived costs. Studies on users’ continuance intention in the fields of mobile banking [76] and third-generation (3G) services [77] have confirmed that high costs will negatively influence users’ continuance intention. As competition intensifies in the market of knowledge payment, homogeneous contents among the platforms lead to low costs for user transfer and users become more sensitive to costs. Therefore, the hypothesis is put forward as follows:



Hypothesis 14.

Perceived costs negatively affect users’ continuance intention.






4.3. Questionnaires and Data


The questionnaire design is shown in Table A1. This study developed questionnaires on the Wenjuanxing platform, using a hyperlink via knowledge payment platform communication groups (including QQ group and WeChat group). The research purpose and the eligibility requirements for participation were clearly presented at the head of the first page of the Wenjuanxing Forms. After informed consent was given, the participants could complete a survey. The inclusion criteria were (1) have the ability to understand the Chinese questionnaire and the meaning of the questions, (2) have used knowledge platforms, and (3) have the ability to pay. The respondents were offered a random financial incentive after completing the questionnaire. The data were collected over a 1-month period (April–May 2022). A total of 532 questionnaires were distributed, of which 494 were valid after excluding invalid questionnaires. Statistical information of the sample description is shown in Table 5, and the usage of the knowledge payment platform of the studied users is demonstrated in Table A2.



The questionnaire results show that the proportion of females in the knowledge paying user group is higher than that of men by more than 20%, indicating that women’s knowledge demand and autonomous learning ability are relatively stronger. The users that were aged 18–25 account for the largest proportion. This group is more active in learning to complete their studies or acquiring new knowledge. The following age range of most respondents was 26–35. Work and life pressure can easily cause them to have knowledge anxiety, so they are willing to invest in various costs and use the knowledge payment platform. Over 80% of those surveyed have a bachelor degree, indicating that well-educated people have a great demand for knowledge and a high degree of acceptance of online learning.



The reliability and validity statistics are shown in Table 6. In the reliability test of questionnaires, the Cronbach’s α value of questionnaires is 0.917 and the Cronbach’s α values of each variable are above 0.8. The variables show good internal consistency, indicating that questionnaires are highly reliable. In this study, construct validity is selected as the index for the validity test, measured from two dimensions: exploratory and confirmatory factors. The Kaiser–Meyer–Olkin (KMO) value of questionnaires is 0.929, larger than the optimal critical value of 0.9. The sig value of Bartlett’s sphericity test is 0.000. Therefore, it is reasonable to carry out principal component analysis. The interpretation rate for the cumulative variance of the first 11 factors that were extracted is 77.343%, and the load values of each factor are all above 0.7 (Table A3). Moreover, all the factor loadings are smaller than 0.4 after varimax rotation, indicating valid samples. The combined reliability (CR) of all 11 variables is greater than 0.7, and the average variance extracted (AVE) is greater than 0.5, indicating that each variable has good convergent validity and internal consistency.



The square roots of the AVEs of each factor (bold values along the diagonal) are all larger than the normalized correlation coefficients beyond the diagonal (Table 7), suggesting significant discriminant validity, so it passes the convergent validity test.




4.4. Structural Equation Model Testing


	(1)

	
Fitness test of the model







AMOS 24.0 software is used to verify whether the suppositional relationship between the sample data and the conceptual model is fitted. As shown in Table 8, the fitting indexes meet the standard, and the research model is well fitted.



	(2)

	
Hypothesis testing of the model







The model path is verified with the AMOS software and the path coefficient of the structural equation model (SEM) is obtained after additional modification of the initial structural model, as shown in Figure 3.



The effects of various variables on continuance intention are demonstrated in Table 9. All hypotheses are true.



	(3)

	
Mediating effect test







In this research, the samples are repeatedly sampled 5000 times by utilizing the Bootstrap method that is built in AMOS 24.0 software. The mediating effects are established when the bias-corrected and percentile 95% confidence intervals do not contain zero. The results of Table 10 illustrate that the perceived ease of use partially mediates the relationship between the system quality and user satisfaction. The perceived usefulness partially mediates the relationships of content quality and the perceived ease of use with user satisfaction. Furthermore, user satisfaction completely mediates the relationships of content quality, perceived ease of use, system quality, perceived enjoyment, auditory experience, and membership experience with continuance intention. It also plays a partial mediating role in the relationship between the perceived usefulness and continuance intention.




4.5. Results Analysis


	(1)

	
Correlations of content quality, system quality, perceived usefulness, and perceived ease of use with user satisfaction







As displayed in Table 9, the normalized path coefficients for the relationships of content quality, system quality, perceived usefulness, and perceived ease of use with user satisfaction are 0.128, 0.164, 0.130, and 0.176, respectively. This suggests that content quality, system quality, perceived usefulness, and the perceived ease of use are significantly positively correlated with user satisfaction. The results demonstrate that the knowledge payment platform should improve the diversity and high-quality of resources and teaching quality of lecturers and reduce advertising content in terms of the content quality and increase system fluency, indirectivity of navigation, and comfort of the page layout with respect to system quality. The users’ perceived usefulness and the perceived ease of use would be enhanced by improving the content quality and system quality.



	(2)

	
Correlations of perceived enjoyment, auditory experience, and membership experience with user satisfaction







The normalized path coefficients for relationships of the perceived enjoyment, auditory experience, and membership experience with user satisfaction separately are 0.153, 0.147, and 0.168. This indicates that the perceived enjoyment, auditory experience, and membership experience show significant positive correlations with user satisfaction. Membership experience affects the users’ continuance intention through its influences on user satisfaction.



The positive effects of perceived enjoyment on user satisfaction are consistent with previous research results. It is worth noting that users’ consumption on the knowledge payment platform is an online learning activity, which is quite different from the consumption of entertainment content, such as listening to music, watching videos, and playing games. As learning behavior users on the knowledge payment platform often lack supervision and constraint mechanisms, users will even reduce their learning enthusiasms when they perceive low entertainment, finally affecting user satisfaction with the knowledge payment platform. Therefore, the content quality of the knowledge payment platform should be both professional and interesting, and the teaching process of knowledge producers should be more relaxed and pleasant.



Furthermore, because users of the knowledge payment platform tend to be in a more private learning space, an excellent auditory experience can help users enter into an immersive learning atmosphere, thus improving user satisfaction. Membership systems can also bring customized services and differentiated user experience, which ultimately positively influence users’ continuance intention.



	(3)

	
Correlations of perceived usefulness, perceived costs, sense of identity to spokespersons, and user satisfaction with continuance intention







The normalized path coefficient for the relationship between the perceived usefulness and continuance intention is 0.131, indicating that the two variables are significantly positively correlated. The normalized path coefficient for the relationship between the perceived costs and continuance intention is −0.127, suggesting that high perceived costs can reduce users’ continuance intention. For users who prefer to obtain free knowledge through the Internet, the pricing strategy of the knowledge payment platform is particularly important. Adopting multiple pricing methods can strengthen users’ continuance intention while guaranteeing profits.



The normalized path coefficient for the relationship between the sense of identity to spokespersons and continuance intention is 0.259, which indicates a significant positive correlation between the two variables. On the one hand, the main customer group for the knowledge payment platform is young people from 18 to 35 years old, that are susceptible to celebrity effects and even the derivation of fan culture and economy of fans. They are willing to pay for and actively promote products that are endorsed by their idols; otherwise, they reject the brands or products that are endorsed by an artist because of distaste for the artist. On the other hand, due to the particularity of products and services that are provided by the knowledge payment platform, spokespersons of the platform are usually considered to represent the platform’s overall knowledge and culture level. A common sense of identity to the individual knowledge and culture level of spokespersons will directly result in doubt of users’ perceived usefulness of the knowledge payment platform, thus constantly reducing continuance intention. Therefore, the selection of spokespersons for the knowledge payment platform should comprehensively consider the market and cultural influences.



The normalized path coefficient for the relationship between user satisfaction and continuance intention is 0.282, the largest among the four factors directly affecting the users’ continuance intention. This indicates that user satisfaction has important effects on continuance intention and the improvement of user satisfaction is the fundamental strategy for the knowledge payment platform to retain customers.





5. Conclusions


This study shifts the research on users’ continuance intention to the critical issues that are concerned by users. Based on the literature review and theoretical deduction, the LDA topic model is introduced to explore key influence factors for users’ continuance intention towards the knowledge payment platform from accurate comments of users. Through literature support and empirical analysis, these factors are reliable and valid, and the validity of the results of topic identification is tested again. The combination of text mining and empirical analysis strengthens the validity and robustness of the research conclusions and provides a new idea for traditional empirical studies.



5.1. Academic Contributions


(1) Taking users’ comments on the knowledge payment platform, namely Himalayan FM, as the data source, ten topics were primarily concerned by users on the knowledge payment platform are explored using the LDA topic model. Furthermore, considering the correlations of internal lexical items of different topics, ten topics are summarized into seven influence factors: content quality, perceived enjoyment, membership experience, auditory experience, spokespersons of the platform, perceived costs, and system quality. This provides a reference for analyzing users’ continuance intention to the knowledge payment platform.



(2) Through the external variables that are introduced by topic identification, such as membership experience, auditory experience, and spokesperson identity, based on the TAM and IS integration, the conceptual model for formation mechanisms of the users’ continuance intention to knowledge payment is constructed. The model’s validity is verified through the structural equation, which verifies the validity of topic identification, thus making up for the shortcomings of external variables of the TAM, extending TAM and IS integration, and enriching the theory of continued usage of the information system by users.



(3) Factors including the perceived usefulness [55], user satisfaction [52,53]), and sense of identity to spokespersons [73] directly positively affect users’ continuance intention, while the perceived costs [76,77] directly negatively influence users’ continuance intention. The perceived ease of use, as well as the content quality and system quality of the knowledge payment platform, indirectly affect the users’ continuance intention through user satisfaction [30]. Meanwhile, the content quality and system quality of the knowledge payment platform have direct positive effects on the perceived usefulness and ease of use [58]. In addition, factors such as perceived enjoyment [67], membership experience, and users’ auditory experience exert indirect influences on users’ continuance intention through user satisfaction.




5.2. Implications for Practice


Users’ continuance usage is fundamental for the long-term development of the knowledge payment platform. In the post-epidemic period, how to promote the formation of users’ continuance intention towards the knowledge payment platform is particularly important for the sustainable development of the knowledge payment industry. To this end, the following management implications are proposed:




	(1)

	
Improving content quality and system quality









The perceived usefulness and perceived ease of use are core elements for the TAM and core demands for users of the knowledge payment platform. Based on the research conclusions, the two exert positive effects on user satisfaction and continuance intention. Therefore, in the pan-entertainment Internet environment, the key to the sustainable development of the knowledge payment platform is the continuous improvement of content quality and the optimization of system quality. Firstly, as an intermediary between knowledge suppliers and consumers, the knowledge payment platform should strengthen the training, service, and supervision of knowledge producers and check the knowledge payment products and services that are provided, thus strictly controlling the content quality from the source of knowledge, while ensuring the professionalism and high-quality of knowledge payment products, the users’ perceived usefulness can be improved. Secondly, users will have different knowledge needs in different periods, and it is difficult for a single resource category to meet the changing needs of users, resulting in transfer behaviors of users. Therefore, knowledge payment platforms should introduce knowledge producers from different fields to enrich content resources and ensure the introduction of continuous number of users. In addition, with the growing number of users and continuous improvement of users’ experience on the platform, it is necessary to strengthen the system construction of the platform and optimize system quality of the knowledge payment platform from the aspects, such as stability, simplicity, and aesthetics. This ensures the users’ operation comfort and improves the users’ perceived ease of use and satisfaction.



	(2)

	
Paying attention to influences of spokespersons







Based on the users’ comments relating to spokespersons of the knowledge payment platform, the recognition of users to spokespersons of the platform can directly affect users’ continuance intention. On the one hand, most users of the knowledge payment platform are new generations that are born after 2000 and 1990. This group is widely fanatical about online celebrities with a huge fan base. Individuals tend to ignore the actual effectiveness of products or services, thus simply paying energy and financial resources for products that are endorsed by their idols. On the other hand, as the knowledge payment platform is labeled as culture by the public, the spokespersons are the embodiment of the cultural level of the platform for users. Unlike traditional celebrity endorsements, spokespersons without cultural labels generally make users doubt the content quality and operation mode of the knowledge payment platform, thus having the intention to transfer. Therefore, for the knowledge payment platform, it is necessary to strike a balance between culture and celebrity, so that spokespersons can have a positive influence on the formation of users’ continuance intention.



	(3)

	
Improving the management system of members







As a classic marketing strategy, a membership system can effectively promote the loyalty of consumers. Based on research conclusions, users of the knowledge payment platform pay more attention to the membership experience and hope to enjoy more resources and services at a reasonable member price. For non-member users, the knowledge payment platform should strengthen the marketing of membership experience. For users as members, the existing membership experience should be improved from the aspects of content, function, and welfare privileges to promote users’ continuance intention.



	(4)

	
Improving auditory experience of users







The paid audio knowledge is widespread because audio liberates the eyes and hands of users. The auditory experience, as the users’ primary experience, can directly affect user satisfaction. Therefore, the knowledge payment platform should improve audio products in a new manner, formulate strict recording and broadcasting indicators, and strengthen the construction of content quality from aspects of sound, speed, sound effect, and emotion. Moreover, it should meet the emotional value of users by listening and provides a better auditory experience from the physiological, emotional, and cognitive dimensions.




5.3. Limitations and Further Study


Due to the difference of knowledge payment platforms, the influencing factors for continuance intention may be different. The construct of auditory experience and spokesperson identity are applicable in the context of this study, but whether it is applicable to different types of knowledge payment platforms needs to be explored. In future research, contextual variables of different knowledge payment platforms should be explored, such as Massive Open Online Courses (MOOCs), real-time voice Q & A platform, and knowledge service platform. The coverage of the studied samples should be expanded to enrich influencing factors and action mechanisms for users’ continuance intention towards knowledge payment platforms. Other data collection methods, such as experimental methods, can be considered to further improve the conclusions of this study.
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Table A1. Scale items.






Table A1. Scale items.





	
Constructs

	
Items

	
Measures

	
References






	
Content quality

(CQ)

	
CQ1

	
The knowledge payment platform contains diverse programs and abundant resources.

	
Delone et al. (1992) [29]

Ozkan et al. (2009) [62]

Wang et al. [78]




	
CQ2

	
The quality of teaching contents on the knowledge payment platform is reliable.




	
CQ3

	
The teaching quality of course instructors on the knowledge payment platform is high.




	
CQ4

	
The course chapters of the knowledge payment platform are set up scientifically and rationally.




	
Perceived usefulness

(PU)

	
PU1

	
The knowledge payment platform can provide useful information or knowledge for me in many aspects.

	
Davis (1989) [79]

Agarwal et al. (2000) [80]

Teo et al. (2001) [81]




	
PU2

	
The knowledge payment platform allows me to make full use of spare time.




	
PU3

	
The knowledge payment platform can improve my learning ability.




	
PU4

	
The knowledge payment platform can improve my skill ability.




	
Perceived ease of use

(PEOU)

	
PEOU1

	
I think it is very easy to learn to use the knowledge payment platform.

	
Davis (1989) [79]

Thong et al. (2006) [82]

Venkatesh et al. (2003) [83]




	
PEOU2

	
I think the operation steps of the knowledge payment platform are simple and easy to learn.




	
PEOU3

	
I consider it is easy to access the knowledge payment platform anytime and anywhere.




	
System quality

(SQ)

	
SQ1

	
The knowledge payment platform starts quickly, works well and breaks down infrequently.

	
Mailizar et al. [30]

Ozkan et al. (2009) [62]




	
SQ2

	
The knowledge payment platform can quickly respond to users’ requests.




	
SQ3

	
The knowledge payment platform has reasonable interface layout, and clear navigation that conforms to users’ habits.




	
Perceived enjoyment

(PE)

	
PE1

	
Time flies when using the knowledge payment platform.

	
Moon et al. (2001) [84]

Lee et al. (2005) [68]




	
PE2

	
It is relaxed and pleasant to use the knowledge payment platform.




	
PE3

	
I think it is interesting to acquire knowledge through the knowledge payment platform.




	
Auditory experience

(AE)

	
AE1

	
The video and audio lecturers/anchors on the knowledge payment platform have vivid voice, clear speech and moderate speaking speed.

	
Chen et al. (2019) [85]

Ye et al. (2018) [86]




	
AE2

	
The audio of the knowledge payment platform is smooth without buffering.




	
AE3

	
The knowledge payment platform has rich and vivid sound effects.




	
Membership experience

(ME)

	
ME1

	
I can obtain more content privileges after becoming the member of the knowledge payment platform.

	
Wang et al. (2019) [87]




	
ME2

	
I can enjoy more function privileges after becoming the member of the knowledge payment platform.




	
ME3

	
I can enjoy more welfare privileges after becoming the member of the knowledge payment platform.




	
Perceived costs

(PC)

	
PC1

	
I consider that the price of paid information on the knowledge payment platform is high.

	
Kuo et al. (2009) [77]




	
PC2

	
I believe that the knowledge payment platform costs a lot of data traffic.




	
PC3

	
I believe that irrelevant contents on the knowledge payment platform waste much of unnecessary time and energy.




	
Spokesperson identity

(SI)

	
SI1

	
I think that the spokespersons of the knowledge payment platform have excellent characteristics.

	
Wu et al. (2007) [71]




	
SI2

	
I believe that the spokespersons of the knowledge payment platform conform to the image of the platform.




	
SI3

	
I will pay attention to the latest development of the spokespersons of knowledge payment platform.




	
User satisfaction

(US)

	
US1

	
I am very satisfied with my experience on the knowledge payment platform.

	
Bhattacherjee et al. (2001) [14]

Chen et al. (2017) [88]




	
US2

	
I am very satisfied with the learning effects through the knowledge payment platform.




	
US3

	
I am very satisfied with the overall functions and services of the knowledge payment platform.




	
Continuance intention

(CI)

	
CI1

	
I would like to continue to use this knowledge payment platform.

	
Bhattacherjee et al. (2001) [14]

Chen et al. (2017) [88]




	
CI2

	
I would like to recommend the knowledge payment platform to others.




	
CI3

	
I make positive comments on the knowledge payment platform.








Notes: The five-point Likert scale is used, and the questions for screening are set in the questionnaire to exclude the respondents who do not have usage experience of the knowledge payment platform. The questionnaire includes two parts: basic information of the respondents and variable measurement items.
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Table A2. Usage of various knowledge payment platforms.






Table A2. Usage of various knowledge payment platforms.





	
Knowledge Payment Platforms

	
Response

	
Percentage of Cases (%)




	
Number of Cases

	
Percentage (%)






	
Himalaya FM

	
322

	
22.80

	
65.20




	
Iget

	
74

	
5.20

	
15.00




	
Fandengread

	
87

	
6.10

	
17.60




	
Dragonfly FM

	
60

	
4.20

	
12.10




	
Zhihu University (Including Zhihu Live)

	
187

	
13.20

	
37.90




	
LAIX

	
113

	
8.00

	
22.90




	
Qlchat

	
13

	
0.90

	
2.60




	
Hundun Academy

	
12

	
0.80

	
2.40




	
Cloud classroom of Netease

	
119

	
8.40

	
24.10




	
Netease CloudMusic (Paid radio)

	
252

	
17.80

	
51.00




	
Douban Time

	
25

	
1.80

	
5.10




	
Zaih

	
4

	
0.30

	
0.80




	
Lizhiweike

	
31

	
2.20

	
6.30




	
Lifeweek Zhongdu

	
1

	
0.10

	
0.20




	
Kaishu Story

	
40

	
2.80

	
8.10




	
Mtedu

	
4

	
0.30

	
0.80




	
Others

	
71

	
5.00

	
14.40




	
Total

	
1415

	
100.00

	
286.40








Notes: (1) Percentages and totals are based on responders, and the value 1 is used to tabulate the two groups. (2) The survey results show that the top five knowledge payment APPs in China are Himalayan FM, Netease cloud music (Paid radio), Zhihu University, LAIX, and Fandengread. Himalayan FM has a high market share, which also shows the reliability and universality of the subject extraction results in this paper.
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Table A3. Interpretation of total variance.






Table A3. Interpretation of total variance.





	
Component

	
Initial Eigenvalues

	
Extraction Sums of Squared Loading

	
Rotation Sums of Squared Loading




	
Total

	
% of Variance

	
Cumulative %

	
Total

	
% of Variance

	
Cumulative %

	
Total

	
% of Variance

	
Cumulative %






	
1

	
12.671

	
36.202

	
36.202

	
12.671

	
36.202

	
36.202

	
3.320

	
9.486

	
9.486




	
2

	
2.250

	
6.427

	
42.630

	
2.250

	
6.427

	
42.630

	
3.218

	
9.195

	
18.682




	
3

	
1.935

	
5.530

	
48.160

	
1.935

	
5.530

	
48.160

	
2.378

	
6.793

	
25.475




	
4

	
1.661

	
4.744

	
52.904

	
1.661

	
4.744

	
52.904

	
2.368

	
6.766

	
32.241




	
5

	
1.494

	
4.269

	
57.173

	
1.494

	
4.269

	
57.173

	
2.366

	
6.761

	
39.001




	
6

	
1.449

	
4.141

	
61.314

	
1.449

	
4.141

	
61.314

	
2.331

	
6.661

	
45.663




	
7

	
1.277

	
3.649

	
64.964

	
1.277

	
3.649

	
64.964

	
2.296

	
6.560

	
52.223




	
8

	
1.220

	
3.485

	
68.448

	
1.220

	
3.485

	
68.448

	
2.285

	
6.530

	
58.752




	
9

	
1.078

	
3.080

	
71.528

	
1.078

	
3.080

	
71.528

	
2.268

	
6.481

	
65.234




	
10

	
1.025

	
2.929

	
74.456

	
1.025

	
2.929

	
74.456

	
2.122

	
6.063

	
71.297




	
11

	
1.010

	
2.887

	
77.343

	
1.010

	
2.887

	
77.343

	
2.116

	
6.047

	
77.343




	
12

	
0.519

	
1.483

	
78.827

	

	

	

	

	

	




	
......




	
35

	
0.147

	
0.421

	
100.000

	

	

	

	

	

	








Notes: The extraction method is principal component analysis.
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Figure 1. Review mining framework of knowledge payment platform. 
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Figure 2. Conceptual model of users’ continuance intention to knowledge payment platform. 
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Figure 3. Path coefficient of the structural equation model. 
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Table 1. Summary of related literature.






Table 1. Summary of related literature.





	Author
	Method
	Research Object
	Conclusion





	Nilashi et al. (2022) [36]
	LDA
	Course choice decision in massive open online courses
	The data collected from the online platform is evaluated by LDA method and the results show that this method can accurately provide relevant courses for users according to their preferences.



	Ray et al. (2020) [37]
	LDA-SEM
	Values affecting E-Learning adoption
	Emotional connection and facilitator quality, are important predictors of user’s intention to take up courses from E-learning platforms.



	Ray et al. (2021) [38]
	LDA-SEM
	Gratifications affecting user’s choice of different E-learning providers
	Users have generally posted comments which relate to trust, anticipation, and joy, and they have an overall positive sentiment towards the providers.



	Ray et al. (2022) [39]
	LDA-SEM
	Barriers affecting E-Learning usage

intentions
	Value and facilitator issues, tradition, and risk barriers have a notable negative impact on usage-intention.



	Nanda et al. (2021) [40]
	LDA
	Large collections of open-ended feedback from MOOC learners
	Content quality, accurate description of prerequisites and required time commitment in course syllabus, quality of assessment and feedback, meaningful interaction with peers and educators, engaging instructor and videos, accessibility of learning materials, and usability of platform significantly affect the learning experience of users.



	Lin et al.

(2021) [34]
	LDA
	Personalized educational resource recommendation
	Building a user interest model through LDA and calculating the user’s preference for the topic can effectively improve the effect of personalized learning resource recommendation.
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Table 2. Download details of comment data.






Table 2. Download details of comment data.





	
App Store

	
Time Period

	
Comment Text Volume/Items

	
Download Time






	
iOS AppStore

	
1 January 2018~17 April 2022

	
87,492

	
17 April 2022




	
HUAWEI AppGallery

	
1 January 2018~17 April 2022

	
89,236




	
Total

	
176,728
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Table 3. Word frequency statistics (TOP 40).






Table 3. Word frequency statistics (TOP 40).





	Word
	Frequency
	Word
	Frequency
	Word
	Frequency
	Word
	Frequency





	Advertisement
	14,363
	Learning
	2734
	Flash back
	1742
	System
	1073



	Software
	11,791
	Mobile phone
	2520
	Function
	1704
	English
	1068



	Member
	6964
	Free
	2451
	Customer Service
	1688
	Children
	1059



	Game
	5944
	Money
	2163
	User
	1654
	Crosstalk
	963



	Content
	5227
	Platform
	2086
	Version
	1507
	Radio station
	961



	Fiction
	4792
	Network
	1971
	Music
	1360
	Wang Yibo
	951



	Sound
	4613
	Audio
	1937
	Eye
	1309
	Teacher
	915



	Time
	3651
	Resource
	1898
	Comment
	1270
	Works
	796



	Book
	3364
	Knowledge
	1823
	Anchor
	1239
	Tone quality
	768



	Story
	2983
	Rich in content
	1817
	Spokesperson
	1160
	Dubbing
	684
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Table 4. Topic identification and sorting of intensity.
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	No.
	Topic Identification
	Intensity of Topics
	Feature Words





	1
	Content quality
	0.1123
	Content, program, time, function, good book, quality, music, radio, work, sound effect



	2
	Advertising content
	0.1121
	Advertisement, cover, fiction, member, unlock screen, comment, content, audio, video, payment



	3
	Perceived enjoyment
	0.1075
	Storytelling, life, Deyunshe (A cultural communication Co., Ltd. engaged in professional crosstalk art performance), joke, mood, culture, leisure, software, reading material, radio



	4
	Resource experience
	0.1065
	Book, platform, rich in content, reading, lazy person, category, course, classification, comprehensiveness, caption



	5
	Membership experience
	0.1061
	Member, story, audio, profession, English, children, customer service, accompany, spending money, earphone



	6
	Auditory experience
	0.0989
	Sound, resource, eyes, sound effect, ear, audience, information, dub, pageviews, category



	7
	Lecturer quality
	0.0954
	Teacher, product, quality, taping, author, team, album, humanization, network, copyright



	8
	Spokespersons of platforms
	0.0908
	Spokesperson, experience, Wang Yibo, endorsement, Yiyang Qianxi (Jackson), interface, friend, habit, mode, fans



	9
	System quality
	0.0894
	Mobile phone, version, system, tone quality, button, program, page, account, server, Bluetooth



	10
	Perceived costs
	0.0799
	Charge, money, defraudation, waste, hour, recharge, spending money to buy something, standard, Xiaoya (radio of Himalayan FM), cost-free listening
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Table 5. Descriptive statistical analysis.






Table 5. Descriptive statistical analysis.





	
Survey Object

	
Options

	
Quantity

	
Percentage (%)






	
Gender

	
Male

	
190

	
38.5




	
Female

	
304

	
61.5




	
Age

	
Under 18

	
21

	
4.2




	
18–25

	
210

	
42.5




	
26–35

	
190

	
38.5




	
36–45

	
63

	
12.8




	
Above 45 years old

	
10

	
1.9




	
Education

	
High school and below

	
30

	
6.1




	
Specialist

	
35

	
7.1




	
Undergraduate

	
275

	
55.6




	
Postgraduate and above

	
154

	
31.2




	
Profession

	
Student

	
198

	
40.1




	
Enterprise Employees

	
133

	
26.9




	
Staff in Government agencies

	
35

	
7.1




	
Liberal professions

	
61

	
12.3




	
Others

	
67

	
13.6
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Table 6. Reliability and validity statistics.






Table 6. Reliability and validity statistics.





	
Constructs

	
Items

	
Loading

	
CR

	
AVE

	
Cronbach’s α






	
Content quality

(CQ)

	
CQ1

	
0.808

	
0.892

	
0.675

	
0.888




	
CQ2

	
0.798




	
CQ3

	
0.760




	
CQ4

	
0.912




	
Perceived usefulness

(PU)

	
PU1

	
0.819

	
0.910

	
0.716

	
0.840




	
PU2

	
0.806




	
PU3

	
0.948




	
PU4

	
0.804




	
Perceived ease of use

(PEOU)

	
PEOU1

	
0.887

	
0.857

	
0.668

	
0.879




	
PEOU2

	
0.769




	
PEOU3

	
0.791




	
System quality

(SQ)

	
SQ1

	
0.856

	
0.842

	
0.640

	
0.817




	
SQ2

	
0.763




	
SQ3

	
0.778




	
Perceived enjoyment

(PE)

	
PE1

	
0.869

	
0.880

	
0.710

	
0.829




	
PE2

	
0.850




	
PE3

	
0.807




	
Auditory experience

(AE)

	
AE1

	
0.805

	
0.830

	
0.619

	
0.870




	
AE2

	
0.753




	
AE3

	
0.801




	
Membership experience

(ME)

	
ME1

	
0.793

	
0.818

	
0.600

	
0.830




	
ME2

	
0.744




	
ME3

	
0.786




	
Perceived costs

(PC)

	
PC1

	
0.838

	
0.834

	
0.626

	
0.906




	
PC2

	
0.753




	
PC3

	
0.780




	
Spokesperson identity

(SI)

	
SI1

	
0.890

	
0.872

	
0.695

	
0.855




	
SI2

	
0.798




	
SI3

	
0.810




	
Users’ satisfaction

(US)

	
US1

	
0.843

	
0.864

	
0.680

	
0.863




	
US2

	
0.803




	
US3

	
0.827




	
Continuance intention

(CI)

	
CI1

	
0.876

	
0.841

	
0.639

	
0.837




	
CI2

	
0.720




	
CI3

	
0.794
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Table 7. Discriminative validity.
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	CQ
	SQ
	PE
	ME
	AE
	PC
	SI
	PU
	PEOU
	US
	CI





	CQ
	0.822
	
	
	
	
	
	
	
	
	
	



	SQ
	0.391 **
	0.800
	
	
	
	
	
	
	
	
	



	PE
	0.361 **
	0.444 **
	0.842
	
	
	
	
	
	
	
	



	ME
	0.435 **
	0.453 **
	0.483 **
	0.775
	
	
	
	
	
	
	



	AE
	0.429 **
	0.477 **
	0.418 **
	0.422 **
	0.787
	
	
	
	
	
	



	PC
	−0.255 **
	−0.285 **
	−0.431 **
	−0.307 **
	−0.285 **
	0.791
	
	
	
	
	



	SI
	0.404 **
	0.425 **
	0.407 **
	0.492 **
	0.393 **
	−0.381 **
	0.834
	
	
	
	



	PU
	0.342 **
	0.375 **
	0.414 **
	0.420 **
	0.376 **
	−0.332 **
	0.380 **
	0.846
	
	
	



	PEOU
	0.473 **
	0.462 **
	0.480 **
	0.500 **
	0.499 **
	−0.316 **
	0.450 **
	0.330 **
	0.817
	
	



	US
	0.473 **
	0.507 **
	0.504 **
	0.521 **
	0.503 **
	−0.396 **
	0.477 **
	0.449 **
	0.536 **
	0.825
	



	CI
	0.370 **
	0.401 **
	0.502 **
	0.452 **
	0.398 **
	−0.331 **
	0.439 **
	0.395 **
	0.398 **
	0.439 **
	0.799







Notes: ** The correlation is significant at the 0.01 level (two-tailed).
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Table 8. Model fitness results.






Table 8. Model fitness results.





	
Index

	
Indicator

	
Standard

	
Estimation Result

	
Fitness Level






	
Absolute Fitness Indicator

	
CMIN/DF

	
<3.00

	
1.653

	
Good Fit




	
RMSEA

	
<0.08

	
0.036

	
Good Fit




	
GFI

	
>0.90

	
0.912

	
Good Fit




	
Relative Fitness Indicator

	
NFI

	
>0.90

	
0.920

	
Good Fit




	
IFI

	
>0.90

	
0.967

	
Good Fit




	
CFI

	
>0.90

	
0.967

	
Good Fit




	
Simple Fitness Indicator

	
PGFI

	
>0.50

	
0.760

	
Good Fit




	
PNFI

	
>0.50

	
0.812

	
Good Fit




	
PCFI

	
>0.50

	
0.853

	
Good Fit
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Table 9. Path coefficient of SEM.






Table 9. Path coefficient of SEM.





	Hypothesis
	Relationship
	Unstandardized

Path Coefficient
	S.E.
	C.R.
	p
	Standard

Path Coefficient
	Supported





	H1
	CI←US
	0.259
	0.053
	4.887
	***
	0.282
	Yes



	H2
	US←PU
	0.129
	0.041
	3.180
	0.001
	0.130
	Yes



	H3
	CI←PU
	0.120
	0.043
	2.785
	0.005
	0.131
	Yes



	H4
	PU←PEOU
	0.219
	0.049
	4.439
	***
	0.221
	Yes



	H5
	US←PEOU
	0.174
	0.054
	3.213
	0.001
	0.176
	Yes



	H6
	PU←CQ
	0.319
	0.056
	5.713
	***
	0.284
	Yes



	H7
	US←CQ
	0.144
	0.056
	2.587
	0.010
	0.128
	Yes



	H8
	PEOU←SQ
	0.655
	0.051
	12.744
	***
	0.633
	Yes



	H9
	US←SQ
	0.167
	0.078
	2.153
	0.031
	0.164
	Yes



	H10
	US←PE
	0.147
	0.050
	2.918
	0.004
	0.153
	Yes



	H11
	US←AE
	0.164
	0.064
	2.570
	0.010
	0.147
	Yes



	H12
	US←ME
	0.164
	0.058
	2.799
	0.005
	0.168
	Yes



	H13
	CI←SI
	0.226
	0.050
	4.556
	***
	0.259
	Yes



	H14
	CI←PC
	–0.133
	0.056
	–2.359
	0.018
	–0.127
	Yes







Notes: *** p < 0.001.
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Table 10. Results of the mediating effect test.






Table 10. Results of the mediating effect test.





	
Path

	
Indirect Effects

	
Estimate

	
Bias-Corrected 95%

	
Percentile 95%

	
Result




	
Lower

	
Upper

	
Lower

	
Upper






	
1

	
CQ—US—CI

	
0.036

	
0.008

	
0.080

	
0.007

	
0.078

	
Significant




	
2

	
PU—US—CI

	
0.037

	
0.009

	
0.078

	
0.007

	
0.074

	
Significant




	
3

	
PEOU—US—CI

	
0.050

	
0.014

	
0.110

	
0.009

	
0.102

	
Significant




	
4

	
SQ—US—CI

	
0.046

	
0.010

	
0.110

	
0.008

	
0.102

	
Significant




	
5

	
PE—US—CI

	
0.043

	
0.007

	
0.109

	
0.004

	
0.103

	
Significant




	
6

	
AE—US—CI

	
0.042

	
0.008

	
0.094

	
0.005

	
0.087

	
Significant




	
7

	
ME—US—CI

	
0.047

	
0.011

	
0.111

	
0.008

	
0.104

	
Significant




	
8

	
CQ—PU—US

	
0.037

	
0.009

	
0.079

	
0.007

	
0.073

	
Significant




	
9

	
PEOU—PU—US

	
0.029

	
0.008

	
0.062

	
0.005

	
0.057

	
Significant




	
10

	
SI—PEOU—US

	
0.112

	
0.027

	
0.215

	
0.024

	
0.210

	
Significant
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