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Abstract

:

Mobile learning applications enable people to spend fragmented time to improve their knowledge and competitiveness. Enterprises aim to design innovative applications and create a new learning mode for the public, and the open innovation strategies may help companies achieve their goals. In the current study, the English learning application “LAIX” was investigated, and an online survey was used to obtain data from 289 university students in Guangzhou. This study combines the technology acceptance model (TAM) with flow theory (FT), investigating the psychological experience factors and the system characteristics that influence users’ behavior intentions. The exploration of perceptual variables will promote the establishment of an open innovation model of mobile learning applications. The aim of the study was to establish a theoretical framework to more deeply explore users’ intentions in mobile learning applications. Structural equation modeling (SEM) was used to help measure the relationship between variables and determine the model fit. This research reveals that telepresence is the most important variable that impacts user intentions to use mobile learning applications. In addition, the mediating effect of the flow experience was tested. Telepresence and interactivity indirectly influence behavioral intention through the variable “flow”. Users appear to be more concerned with the flow experience, which shows the highest correlation with intention to use the application. This study may assist companies to innovate system characteristics and improve customers’ user experience, for instance, by integrating virtual reality (VR) technology into the mobile learning system to improve their open innovation level and market popularity.
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1. Introduction


Due to the development of mobile broadband technology, and the increase in the number of users, the mobile Internet market is continually developing. Mobile phones are becoming more intelligent and more open. Furthermore, the mobile phone is no longer a simple communication tool, and now provides people with a mobile platform for entertainment and learning [1]. People have started to use mobile applications to access highly specified network resources, and more efficiently employ time management to improve their capabilities via use of their fragmented time. Among various applications on mobile phones, mobile learning applications have become a vital tool employed by people on a daily basis. To acquire knowledge and increase skill, application platforms have become a major trend in the market. The knowledge may cover various fields, such as language, expertise, and manipulative skill.



According to iiMedia Research [2], the number of internet education users continues to grow in China. The market demand is also expanding. In addition, the outbreak of COVID-19 has changed the traditional education model to an online education model [3], which could result in a shift in educational learning patterns. Due to the significant progress of internet technology, users have high expectations of mobile education software characteristics [4]. Technological innovation needs to be accomplished through open innovation strategies, such as technology purchase, research, and development (R&D) investment, mergers, and cooperation with external enterprises [5]. In the development process of the iPhone, Steve Jobs referred to the characteristics of computers, and made the mobile phone have some functions of computers; thus, creating a new era of smart phones. Open innovation in enterprises includes R&D [6], attention to users’ needs, establishment of communication channels between enterprises and customers, and integration of user feedback [7]. User experience may serve as a reference point in software development.



The quality of online education can be effectively improved by a constructive theoretical research framework [8]. Since the 1980s, many academics have studied the acceptance of information systems in terms of both theoretical and empirical aspects [9]. Studies of willingness to use information technology have predominantly used the technology acceptance model (TAM) [10], and research on the influence of users’ internal motivations on their behaviors is based on the theory of planned behavior (TPB) [11]. Venkatesh and Bala [12] incorporated system characteristics into the traditional model and developed TAM3. Within the high education field, Bahtiasevi [13] discussed the effect of system functionality on students’ behavior intentions in an e-learning system. Additionally, Almaiah et al. [1] confirmed that interactivity has a positive influence on users’ beliefs.



E-learning requires that users focus on using a computer, whereas mobile learning is more convenient for users [14]. Mobile learning is defined as learning activities, which are based on mobile data and wireless transmission [15]. Masika [16] used descriptive statistical methods to study the acceptance of mobile learning applications. However, more studies have been conducted using empirical analysis to explore adoption behavior. Wang et al. [17] studied the behavioral intention of mobile learning based on the unified theory of acceptance and use of technology model (UTAUT) and the structural equation model (SEM). In addition, the empirical method was used to investigate the acceptance degree of mobile learning among college students by Fagan [18]. Cheon et al. [19] used the TBP model to conduct a comparative study on the influencing factors of mobile learning usage among users in different regions. These studies provided effective suggestions for enterprises to apply and develop new information technology products. By comparison, people appear to be more concerned about the user experience when using e-learning applications [6].



The current market is driven by consumer demand, and no product can survive without consumer demand. Nokia adopted an open innovation strategy to stay ahead of the curve in a changing technological environment [20]. System characteristics should serve the user experience, enabling open innovation by integrating technology and requirements. Based on the original TAM, although users consider applications to be easy to use, the psychological experience, as an intrinsic motivation [21], may affect users’ willingness to use the system. For instance, when people learn to play the piano on an application, wrong fingering can be corrected simply by language and demonstration. In accordance with the different learning content in applications, users may generate varying degrees of psychology experience [22] that affect their behavior intention. The core of open innovation is the sharing of information and intelligence [5]. Hence, a theoretical model was developed in the current study. This model can more effectively measure central factors that affect behavior intention in the usage of mobile learning applications. Furthermore, the study aimed to explain the user experience of mobile learning applications, and offer useful recommendations for enterprises regarding the design and development of software, while promoting users’ willingness to use mobile learning applications. This research evaluates the importance of system characteristics and validates the status of user experience. It provides theoretical basis for enterprises to establish communication channels with customers on using experience, and gives guidance for enterprises to establish open innovation strategies of technology sharing.




2. Literature Review


Many theories have been documented to account for people’s attitudes and behaviors. The most well-known theoretical framework is the theory of reasoned action (TRA), which was proposed by Fishbein and Ajzen in 1975 [23]. This model has been used widely, for example, in social, technological, and health fields. The TRA focuses on changes in users’ behavior, which is affected by their attitudes and subjective norms [11]. To remove the research model premise, Ajzen [24] proposed the TRA and added the perceived control factor into the model, and indicated the perceived control may impact people’s behavior. Studies of e-commerce and information technology have been conducted to better understand users’ acceptance [25]. Many theoretical models have been employed to analyze individuals’ adoption behavior. However, the TAM has become an important underpinning model that has been applied in various fields [26]. Two main variables, namely, perceived usefulness and perceived ease of use, were added to the TAM model, and the two constructs are impacted by external variables [27]. The external variables affect users’ behavioral intentions through perceived ease of use and perceived usefulness, which in turn influence users’ behavior. The technology acceptance model was shown in Figure 1.



Pai and Huang [29] applied the TAM model to measure information system applications and service quality, and found that perceived ease of use and perceived usefulness acted as mediating factors that positively influence on usage intentions. A few studies have extended the TAM model, and integrated it with other theories, exploring the effect of external variables on perceived ease of use and perceived usefulness. Song et al. [30] introduced users’ intentions to use to an electronic file bag application, which confirmed that cognitive constructs in TAM play a mediating role and predict usage intention. The modified TAM has been used for investigating e-learning applications [31]. Moreover, some academics claim that the intrinsic factors impact users’ behavior, and have demonstrated the important effects on usage acceptance [1,25,32].



Many studies have focused on the external factors that influence users’ behavior in the field of information and communication technology. In the early stage of IT, research was mainly involved with the effect of perceived usefulness and perceived ease of use on behavioral intention [33,34,35]. The e-learning system possesses two channels, which consist of offering a platform for students to obtain knowledge and for furnishing teaching courses, and system interactivity, which is the most important factor to predict learners’ perceived ease of use [36]. People use social media frequently in daily communication, and Chuang et al. [37] demonstrate that telepresence is a key factor that influences people’s adoption behavior in information and communication technologies.



Within the iteration of Internet technology, people’s behavior and demands are constantly changing. Iksan and Saufian [38] pointed out that teachers use Telegram, a mobile learning software, for teaching innovation. Compared to traditional classrooms, Telegram provides a flexible, more contextual platform that allows students to forget the passage of time and ultimately achieve their learning goals [38]. Previous studies have integrated different theories on consumer behavior to explore the factors that impact users’ adoption decisions at different levels [19,39,40,41]. Chang [42] paid attention to the important role of the user experience in behavioral intention research. Flow theory (FT) refers to the change in an individual’s psychology, and was proposed by Csikszentmihalyi [43]. FT has been broadly applied in many studies. The FT is significant in the psychology study of human behavior. Flow theory has been widely applied in education, vocational training, games, sports, and other fields [34]. As a key psychological parameter, FT is often combined with theoretical models that use behaviors to explore the influence of the user psychological experience on behavioral motivation [44].



When people are in a flow state, they experience little concern about what that may gain, and even ignore challenge and difficulty [45]. The construction of the flow experience was measured to analyze individual’s information technology acceptance in online gaming, and the study found that the flow experience was a significant factor, which impacts people’s decision making [42]. In addition, the flow experience was considered a mediating effect in the research of smartphone usage [44]. The study of FT has been widely applied in the educational area [46]. Because of different learning abilities and difficulty matching, people may have different psychological experiences when using mobile learning applications, which may impact their willingness to use the software [47]. The study consolidated the TAM and flow theory (FL) to investigate users’ acceptance of applications. The aim of the research was to help mobile learning application enterprises design better products and employ good strategies in marketing.




3. Research Hypothesis


3.1. Interaction with Perceived Usefulness, Perceived Ease of Use, and Flow


Although the intrinsic motivation plays an important role in information technology usage, the extrinsic motivation of interactivity has been underlined, and could help users obtain an effective connection [48]. Interactivity has been defined as the degree of interaction with others in software applications [39]. Interactivity is one of the system qualities in information technology applications, and has a positive correlation with perceived usefulness and perceived ease of use in e-learning systems [49]. Interaction among students can promote learning progress and effectivity. Almaiah et al. [1] suggested that the greater interactivity of the system, the greater the usefulness and ease perceived during the use of mobile learning applications. Few studies had verified the relationship between interactivity and users’ flow experiences until Novak et al. [50] investigated the behavior of online customers. The research results of Novak et al. [50] suggest that, the faster the interaction with other users or the computer, the stronger the flow experience of users achieved from the system. Furthermore, interactivity and value of usage have a positive relationship with flow experience in playing social online games [42]. Hence, this study illustrated the follow hypotheses:



Hypothesis 1 (H1).

Interactivity has a positive effect on perceived usefulness in mobile learning applications.





Hypothesis 2 (H2).

Interactivity has a positive effect on perceived ease of use in mobile learning applications.





Hypothesis 3 (H3).

Interactivity has a positive effect on the flow experience in mobile learning applications.






3.2. Telepresence with Perceived Usefulness, Perceived Ease of Use, and Flow


Impressive progress has been made in information and communication technology. Applications in visual communication have displayed innovation, which may be considered in mobile learning software development. Telepresence describes the user’s experience of the virtual reality environment [51,52]. Steuer [53] explained that telepresence is relevant to people’s feelings about the system environment. Park et al. [54] suggested that there is a high positive correlation between telepresence and perceived usefulness in users’ adoption of e-tail websites. In addition, Chuang et al. [37] investigated two groups of samples from Taiwan and Thailand, and results from both samples showed that the perceived usefulness and perceived ease of use have a positive relationship in social networking services. Hoffman and Novak [55] developed a fundamental model to measure the constructs of telepresence and flow experience, and the results showed that telepresence strongly predicts the flow in the use of the commercial web. Therefore, based on the literature review, this study proposed the following hypotheses:



Hypothesis 4 (H4).

Telepresence has a positive effect on perceived usefulness in mobile learning applications.





Hypothesis 5 (H5).

Telepresence has a positive effect on perceived ease of use in mobile learning applications.





Hypothesis 6 (H6).

Telepresence has a positive effect on the flow experience in mobile learning applications.






3.3. Perceived Usefulness and Perceived Ease of Use


David [11] identified the two new variables of perceived usefulness and perceived ease of use, which were confirmed to be associated with users’ behavior intentions. When an individual uses a product, perceived usefulness relates to the degree of usefulness perceived by the user in their work performance, whereas the perceived ease of use means the degree of ease felt by people when using the system [33]. In the traditional TAM model, perceived ease has been demonstrated to be an important positive influence on perceived usefulness, and perceived ease has a greater influence on perceived usefulness than the attitude [28]. Many researchers have tested the relationship between perceived ease of use and perceived usefulness [33]. Liu et al. [40] found that users’ perceived ease of use strongly affects perceived usefulness in students’ usage of a blackboard system. Said and Al-Gahtani [56] used SEM to measure users’ acceptance in an online learning system, and verified that perceived ease of use was positively correlated with perceived usefulness. In addition, Hsu and Lu [34] considered that users’ perceived ease of use had a positive effect on flow in online gaming software. The perceived ease of use shows an indirect influence on people’s immersion, where immersion means that people engage with what they are doing [57]. Notably, the concept of immersion is closely related to the flow. Thus, based on the above review, this study investigated the following hypotheses:



Hypothesis 7 (H7).

Perceived ease of use has a positive effect on perceived usefulness in mobile learning applications.





Hypothesis 8 (H8).

Perceived ease of use has a positive effect on the flow experience in mobile learning applications.






3.4. Perceived Usefulness, Perceived Ease of Use, and Flow Experience with Intention to Use


Perceived usefulness and perceived ease of use indirectly impact behavior intention and attitude, as confirmed in the study of David [11]. Other researchers explored the influence of perceived usefulness and perceived ease of use on the intention to use information technology systems. Szajna [58] tested the effect of perceived usefulness on behavior intention to use, and the result showed that perceived usefulness has a leading effect on intention to use. In addition, Bazelais et al. [59] concentrated on the study of the impact of perceived usefulness and perceived ease of use on behavior intention, implying the two variables have a positive association with behavior intention in online learning systems. Among student users of mobile learning applications, perceived ease of use strongly predicts behavior intention, and the attitude factor is a mediator in the research model [60]. Many studies have referred to the flow experience in individual’s usage behavior, and the range declined most significantly in game entertainment. Chang [42] claimed that the flow experience influences continued usage intention in social online gaming. In addition, the flow experience plays a mediating effect in virtual tours [61]. Based on the previous studies, the following hypotheses were investigated in this study:



Hypothesis 9 (H9).

Perceived usefulness has a positive effect on continued intention to use mobile learning applications.





Hypothesis 10 (H10).

Perceived ease of use has a positive effect on continued intention to use mobile learning applications.





Hypothesis 11 (H11).

Flow experience has a positive effect on intention to use mobile learning applications.






3.5. Research Model


According to the above literature reviews and hypotheses, the following theoretical model was constructed in the current study. As shown in Figure 2, interactivity and telepresence are considered the independent variables. The model was used to test the mediating effects of perceived usefulness, perceived ease of use, and flow experience. In addition, interactivity and telepresence were considered external factors that indirectly affect the continued use intention in mobile learning adoption. Furthermore, the relationship among perceived ease of use, perceived usefulness, and flow experience was determined using the model.





4. Research Methodology


4.1. Measurement


In this study, previous research was reviewed, and a questionnaire scale for the current situation in mobile learning applications was developed. Liu et al. [40] focused on the study of users’ behavior intentions in the online learning community, in which the measurement of the interactivity variable was valid, and the research field is closely related to the current study. Four items for telepresence were taken from Novak et al. [50], which represents the main system features in an information technology system. The items of perceived usefulness and perceived ease of use were adapted from the original TAM [62]. Furthermore, in the study of Kim and Hall [58], the flow experience was measured to identify users’ psychological experiences. Mohammadi [39] examined the variable of intention to use in online education. Therefore, the present study used the mature items from prior research. Likert 5-point scales were used for the questionnaire measurement. Each variable includes 3 to 5 items that were employed from the previous researches. The construct measurement items for this study were showed in Table 1.




4.2. Data Collection and Analysis


A convenient sampling method was used to collect data for this study. The most common reasons for using non-probabilistic sampling are the low cost and ease of operation of the approach [63]. There are a number of questionnaire design systems available for computer-based surveys that are relatively inexpensive and can reduce the interference of respondents while filling out the questionnaire [64]. Questionnaire Star is a questionnaire data collection system exploited by the Tencent Group in China [65]. The company has a strict performance attitude and technology support to ensure the quality of the data. Therefore, this study designed a questionnaire using Questionnaire Star, and the social media platforms WeChat and Tencent QQ were used to distribute the digital questionnaire.



Among the numerous mobile learning applications, English learning applications, as a form of major learning software, are very popular and commonly used. The market competition for this application is fierce. English learning software occupies an important position in the market, so it was selected as the research object in this study. Several English learning applications have a high market share in China. LAIX is an application that helps improve a person’s oral English. The application combines spoken English teaching concepts and pronunciation evaluation technology to create a diversified spoken English learning environment for users [66]. A pilot test was processed to improve the survey quality. Guangzhou university students who used the mobile English learning application were chosen as the respondents. The formal investigation period was about two months. After the data collection, a total of 319 respondents completed and submitted the questionnaire, and 289 questionnaires were valid.



To effectively measure the model and identify the relationships among variables, Amos 21.0 software was used to analyze the data and help draw study conclusions. Structural equation modeling (SEM) is a technique that can be used to study and analyze multiple variables, including factor analysis and path analysis [67]. Steenkamp et al. [68] revealed that SEM is a powerful and important research method that may guarantee the quality of the research output. Hence, SEM was conducted to analyze the data information and determine the research results.





5. Research Result


5.1. Reliability and Validity


The reliability was illustrated using the value of Cronbach’s alpha, which indicates the consistency and stability of the research result. The specific data can be observed in Table 2. The Cronbach’s alpha values of all variables are higher than 0.7, and most of the values are greater than 0.8, which indicates that the reliability of the questionnaire data is acceptable and suitable for further study.



The construct validity was measured by exploratory factor analysis. The results are shown in Table 3. The Kaiser-Meyer-Olkin (KMO) is 0.916; a number higher than 0.7 would be acceptable [69]. Meanwhile, the Bartlett p-value is significant, which indicates the correlation among observable variables is strong, and the exploratory factor analysis can be used for the data analysis. Principal component analysis was used, and the factor loading of each item in six types is higher than 0.5, which indicates that the questionnaire scale has good construction validity.



The present study used confirmatory factory analysis (CFA) to test the measurement model. The constructs were tested to measure the relationship and the results of confirmatory analysis are represented in Table 4. The factor loadings under standard estimates are higher than 0.5, which indicates that each item can well explain its dimension [70]. Then, the composite reliability (CR) value is greater than 0.8, and the convergent validity exhibits an acceptable threshold over 0.7 [71]. The collected data show that the absolute value of the kurtosis coefficient and skewness coefficient are less than 1.96, which meets the requirements of a normal distribution. All of the evidence indicates that the questionnaire items were well designed, and would be available for the research investigation. Table 5 shows the discriminant validity among variables, in which each value on the diagonal is greater than the other value of its column, revealing that the measurement has good discriminant validity.



When evaluating the model quality, many indexes can be used. However, any single index may not assess model quality [72]. The ratio of the chi-square to the degree of freedom is between 1 and 3. The increment fit indexes include Normed fit index (NFI), Incremental fit index (IFI), Tucker-Lewis index (TLI), and Comparative fit index (CFI), which can be used to estimate the fitness of the research model [73]. All indexes, with the exception of Adjusted Goodness of Fit Index (AGFI), are bigger than 0.9. The value of AGFI is 0.888, which is close to 0.9 and can be accepted [74]. The model fit index is shown in Table 6. The modify space for this model ranges from 0.05 to 0.08, which indicates it is unhelpful for improving the model fit. In addition, the Root Mean Square Error of Approximation (RMSEA) is less than 0.08. According to the fitting index, the model quality is good, and the model can be used in the study to obtain satisfactory analysis results.




5.2. Path Analysis


The result of the hypotheses test is shown in Table 7. It can be seen that most of the causal relationships of variables are significant because the p-value is less than 0.05. In contrast, the relationship between interactivity and flow experience shows the p-value was higher than 0.05. This indicates that the positive significant relationship between interactivity and flow experience should be rejected. All of the remaining hypothesis tests exhibited significant values, which indicates that the stated positive relationship was demonstrated.



The path analysis model explains the external factors that affect users’ intentions to use mobile learning applications. The two variables of telepresence and interactivity show positive significant effects on both perceived usefulness and perceived ease of use. The result is consistent with previous studies discussed in Section 2. Specifically, the relationship between telepresence and perceived usefulness displays a high degree at 0.65, which illustrates that the two variables have a strong correlation. Nevertheless, the interaction shows no significant correlation with flow experience, which means H3 was rejected. Moreover, the perceived ease of use impact on flow experience and the association coefficient was found to be 0.42, which is higher than the correlation value for perceived usefulness. The flow experience had the strongest effect on intention to use in the research model.



The mediating effect is shown in Table 8. The current study used the bootstrapping method to test the effect, in which the sample was repeated 5000 times and a 95% confidence interval was calculated. With the exception of INT–FE–IU, the mediating path correlations are all significant. In addition, flow experience has a mediating effect between telepresence and intention to use. However, the chain mediation from telepresence, perceived ease of use, and flow experience to intention to use was found to be significant, which implies that telepresence and interactivity will indirectly impact the intention to use the application.



The structural equation model is shown in Figure 3. Structural equation modeling (SEM) is a statistical method used to analyze the relationship among factors based on the covariance matrix of variables, and the approach may increase the measurement precision of the study [62]. The model includes six latent variables, and the squared multiple correlation of PU, PEOU, FE, and IU are illustrated in Figure 3. In brief, the external variables show a positive indirect impact on perceived usefulness and perceived ease of use. Telepresence shows a strong impact on perceived ease of use. Then, perceived usefulness and perceived ease of use play a mediating role in the prediction of the behavior intention to use. Finally, the flow experience has the most powerful effect on intention to use.





6. Discussion


6.1. Telepresence, Interactivity, and Mobile Learning System


The results of this study verified the effect of telepresence and interactivity, expanding the influence of system characteristic factors on behavioral intention, as shown in previous studies. Almaiah et al. [1] asserted that interactivity has an impact on behavior intention via perceived usefulness and perceived ease of use in mobile learning acceptance. However, interactivity did not affect flow experience directly in this research, and exhibited a chain effect on behavior intention through perceived ease of use. This suggests that people are concerned about mobile learning applications that can provide interaction with others on software platforms. When people make self-improvement, they tend to consider interaction and communication, which can increase the learning effectivity and ease manipulation of the learning system. This study shows that telepresence is strongly associated with the intention to use in mobile learning applications. When an individual uses the mobile learning application to improve their capability, they feel that the sense of reality is very important and meets their requirements.



The present study explains the importance of intrinsic motivation in individual’s behavior intention. The mediating effect of the perceived ease of use, perceived usefulness, and flow experience was proved. Cheon et al. [19] selected the perceptual behavior control from TPB as the variable in the research model, and confirmed the positive influence of perceptual behavior control on behavior intention in terms of mobile learning applications. However, this study explored the role of users’ psychological experiences in mobile learning applications, and proved that the flow experience represents the leading influence on behavior intention. The results reveal that, even if the application is easy to manipulate, users’ psychological experiences has a mediating effect that may impact the behavior decision. Users attach importance to the psychological experience of using the mobile learning system, which should be paid attention to when developing applications and software.



Drawing from these results, interactivity as a system characteristic plays a more important role than in the traditional TAM, and telepresence is the significant factor, which impacts people’s usage intention. In addition, interactivity indirectly affects the intention to use, and the flow experience plays the main moderating role for usage decision making.



Interactivity and telepresence show their importance in mobile learning system. Through the collection of user information, evaluation of customer experience, and development of comprehensive service system according to the needs, enterprises can continuously obtain positive feedback in the open innovation. The results indicate the main external factors that influence mobile learning applications’ adoption, and emphasize the importance of the flow experience in mobile learning. The research results suggest software developers should make their systems more interactive and allow users to experience more realistic scenarios. Specific suggestions are the creation of learning-based interactive games, message boards, and display platforms, and the involvement of virtual reality devices and social media interaction to enhance the flow experience of users. Enterprises can obtain innovation opportunities from multiple channels and resources by combining their own capabilities [75].




6.2. Open Innovation in Mobile Learning System


Open innovation is spreading across industries around the world [5]. Collective intelligence stimulates the open innovation of enterprises, and enterprises improve their innovation ability by integrating internal and external resources [76]. Collective intelligence is regarded as the collective ability to recognize, understand, and learn things [77]. In software design phase, the collective intelligence can enhance the enterprises’ product focus, internal communication, improve the introduction of external enterprise software developers, and promote enterprise in the field of patent open innovation [77]. From James Watt in the First Industrial Revolution to Steve Jobs in the Fourth Industrial Revolution, both entrepreneurs advocated the adoption of open innovation in enterprises [78].



Many researchers show the driving force of innovation in the field of mobile learning. The operation interface and interactive design of mobile learning software meet the needs of users [79]. The combination of user information, experience, system function design, and technology are the foundation of open innovation. Nokia built an open information sharing network on mobile software development, engaging in joint research and development with rivals [80]. The sharing of technology and the exploration of user experience support open innovation. It is important to establish an open innovative driving culture in the organization and promote the cooperation between enterprises and external organizations, which is significant for the sharing of intelligence and the development of society [20]. Mobile learning software enterprises integrate customer experience, customer information, and software development to realize open innovation.



The development of mobile learning system relies on open innovation. The progress of mobile teaching tools has brought innovation in teaching methods [38]. Innovative network environment may help enterprises quickly adapt to the changes of market environment. In this study, the interactivity and telepresence of mobile learning system are closely related to open innovation. Companies need to focus on the user experience and create dynamic and innovative corporate culture. To pursue product innovation, enterprises should strengthen external intelligence exchange [81], and explore the open innovation mode in mobile learning system.





7. Conclusions


The empirical study aimed to explore the external factors and mediator variables in mobile learning application adoption. This research proved the importance of system characteristics, and the user experience reflects the user’s needs. Therefore, it is of vital importance to understand the information and needs of users, and it is also a significant path for enterprises to integrate internal and external technologies, design software based on demand, and realize open innovation. Lu and Viehland [14] measured the influence of cognitive variables on behavioral intention of mobile learning technology, whereas the present study focused on the two system characteristics of interactivity and telepresence, and extended the external factors that influence the adoption of mobile learning. The results showed that telepresence and interactivity have varying degrees of positive influence on perceived usefulness, perceived ease of use, and flow experience. The strongest correlation exists between perceived ease of use and flow experience. The research findings are in line with those in previous research [37,50,54]. Additionally, interactivity of the application displays medium effects on perceived usefulness and perceived ease of use. It is noteworthy that there is no direct relationship between interactivity and flow experience. However, interactivity indirectly impacts intention to use via perceived ease of use and flow experience. Regarding the intrinsic motivation, Cheon et al. [19] integrated TAM and TPB, exploring the differences of cognitive variables in different regions from a cross-cultural perspective, such as subjective norm and perceived behavior control. Flow experience was captured to extend the theoretical framework of the TAM and has a stronger effect on the users’ intentions compared to the other mediators. Enterprises combine information, demand, intelligence, and technology to make technology serve the user experience, providing a broader boundary for the implement of open innovation.



Theoretically, the study integrated the external factors into the TAM model. The main external factors were identified. The research captured the flow experience as an intrinsic motivation mediator and extended the TAM. In addition, the mediating effects of perceived usefulness, perceived ease of use, and flow experience were verified. Nevertheless, the optimized TAM has a better fit to reality. In addition, in terms of research methods, the studies of Masika et al., and Lu and Viehland [14,16] used qualitative research. However, this paper used SEM to test the fitness degree of the model and the relationship between variables, which enriches the research methods used for mobile learning applications.



Regarding the practical implications, the study results provide valuable suggestions to mobile learning application enterprises. By considering the flow experience, these companies can identify better means to improve their software designs and marketing promotions. Furthermore, companies should pay more attention to system design and promote telepresence. More importantly, users’ learning efficiency should be considered. To create better customer relationships, a customer community should be developed to spread positive speech. Build a mutual understanding and sharing environment with customers, and open innovation takes place in a shared value network [82,83]. In brief, this research promotes the TAM, and helps mobile learning application companies to strengthen their product and employ open innovation strategies in the market.



This research is also subject to some limitations. First, many external influence factors of the TAM have been explored by many academics in information technology. However, the current study only examined two external variables. Because the usage intention of people might be affected by many factors, the other determinants should be tested in future research. In addition, the sample of participants who were involved in the survey was simple, and this study was limited to the selection of an English learning application. The respondent sample can be expanded to fulfill the prospective theoretical research on information technology adoption. Furthermore, other intrinsic motivations may be identified to complete the underlying theoretical frameworks in users’ behavior intentions of mobile applications. Finally, factors in FT can be included in the empirical test, and more variables can be identified that affect the intention to use mobile learning applications, and promoting the open innovation of the enterprises.
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Figure 1. Technology acceptance model [28]. 
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Figure 2. Research model proposed by the authors. 
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Figure 3. The standardized path estimation for structural equation models. 
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Table 1. Construct measurement for mobile learning application adaption.






Table 1. Construct measurement for mobile learning application adaption.





	Variables
	Item Description
	Source





	Interactivity

(INT)
	INT1: I could have a discussion with others on the application platform.

INT2: I could communicate with others on the application platform.

INT3: I could send instant messages on the application platform.

INT4: In general, I think the learning environment of the application provides a good chance to interact with other users.
	Liu et al. [40]



	Telepresence

(T)
	T1: When using the application, I forget about myself.

T2: After using the application, I feel I just had a journey.

T3: When using the application, it seems that I was put in the world the application created.

T4: When I stopped using the application, the application environment suddenly disappears.

T5: When using the application, my body is in the room, but my mind is in the virtual world.
	Novak et al. [50]



	Perceived usefulness

(PU)
	PU1: Using the application has improved my learning performance.

PU2: Using the application has increased my learning productivity.

PU3: Using the application helps me to achieve the knowledge.

PU4: In general, I found the application was useful in my learning.
	Venkatesh and Davis [62]



	Perceived ease of use (PEOU)
	PEOU1: The interface and information delivery of the application are clear and understandable.

PEOU2: The application is easy to handle when I meet a problem.

PEOU3: I found the application is easy to learn.

PEOU4: In general, I feel the application is easy to use.
	Venkatesh and Davis [62]



	Flow experience (FE)
	FE1: When using the application, I feel trapped.

FE2: When using the application, time passed so fast.

FE2: When using the application, nothing can interrupt me.
	Kim and Hall [61]



	Intention to use

(IU)
	IU1: I intend to use the learning application.

IU2: I predict I will use the learning application.

IU3: I will use the application continually.
	Mohammadi [39]







Developed by authors.
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Table 2. Reliability analysis: Cronbach’s alpha.
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Variable

	
Corrected Item Total Correlation (CITC)

	
Cronbach’s Alpha

if Item Deleted

	
Cronbach’s Alpha






	
T1

	
0.679

	
0.843

	
0.868




	
T2

	
0.682

	
0.843




	
T3

	
0.642

	
0.852




	
T4

	
0.688

	
0.841




	
T5

	
0.767

	
0.821




	
INT1

	
0.781

	
0.812

	
0.871




	
INT2

	
0.705

	
0.843




	
INT3

	
0.644

	
0.866




	
INT4

	
0.775

	
0.814




	
PU1

	
0.792

	
0.851

	
0.893




	
PU2

	
0.761

	
0.863




	
PU3

	
0.731

	
0.873




	
PU4

	
0.77

	
0.860




	
PEOU1

	
0.736

	
0.766

	
0.839




	
PEOU2

	
0.642

	
0.808




	
PEOU3

	
0.614

	
0.821




	
PEOU4

	
0.695

	
0.785




	
FE1

	
0.763

	
0.765

	
0.856




	
FE2

	
0.713

	
0.813




	
FE3

	
0.712

	
0.813




	
IU1

	
0.734

	
0.815

	
0.864




	
IU2

	
0.751

	
0.800




	
IU3

	
0.739

	
0.811
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Table 3. Validity analysis results of variables.
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Component




	

	
1

	
2

	
3

	
4

	
5

	
6






	
T1

	
0.712

	

	

	

	

	




	
T2

	
0.706

	

	

	

	

	




	
T3

	
0.713

	

	

	

	

	




	
T4

	
0.733

	

	

	

	

	




	
T5

	
0.767

	

	

	

	

	




	
INT1

	

	
0.850

	

	

	

	




	
INT2

	

	
0.798

	

	

	

	




	
INT3

	

	
0.748

	

	

	

	




	
INT4

	

	
0.859

	

	

	

	




	
PU1

	

	

	
0.810

	

	

	




	
PU2

	

	

	
0.809

	

	

	




	
PU3

	

	

	
0.730

	

	

	




	
PU4

	

	

	
0.770

	

	

	




	
PEOU1

	

	

	

	
0.759

	

	




	
PEOU2

	

	

	

	
0.767

	

	




	
PEOU3

	

	

	

	
0.607

	

	




	
PEOU4

	

	

	

	
0.710

	

	




	
FE1

	

	

	

	

	

	
0.763




	
FE2

	

	

	

	

	

	
0.850




	
FE3

	

	

	

	

	

	
0.738




	
IU1

	

	

	

	

	
0.784

	




	
IU2

	

	

	

	

	
0.794

	




	
IU3

	

	

	

	

	
0.831

	




	
Total

	
9.309

	
2.272

	
1.47

	
1.43

	
1.168

	
1.097




	
Cumulative %

	
14.483

	
27.66

	
40.782

	
52.348

	
62.899

	
72.814




	
KMO

	
0.916




	
Bartlett’s Test

	
3171.64 (p = 0.000)








Extraction method: principal component analysis. Rotation method: varimax with Kaiser normalization. a rotation converged in six iterations.
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Table 4. Confirmatory factory analysis of the study.
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The Path

	
Estimate (std.)

	
S.E.

	
t-Value

	
p

	
CR

	
AVE

	
Skew

	
Kurtosis






	
T5

	
<---

	
T

	
0.835

	

	

	

	
0.869

	
0.572

	
−0.421

	
−0.979




	
T4

	
<---

	
T

	
0.744

	
0.072

	
12.521

	
***

	
−0.361

	
−0.828




	
T3

	
<---

	
T

	
0.705

	
0.072

	
11.677

	
***

	
−0.336

	
−0.660




	
T2

	
<---

	
T

	
0.748

	
0.07

	
12.617

	
***

	
−0.497

	
−0.779




	
T1

	
<---

	
T

	
0.742

	
0.068

	
12.486

	
***

	
−0.653

	
−0.050




	
INT4

	
<---

	
INT

	
0.855

	

	

	

	
0.873

	
0.634

	
−0.629

	
0.080




	
INT3

	
<---

	
INT

	
0.691

	
0.062

	
11.607

	
***

	
−0.547

	
−0.294




	
INT2

	
<---

	
INT

	
0.759

	
0.063

	
13.192

	
***

	
−0.754

	
0.135




	
INT1

	
<---

	
INT

	
0.867

	
0.066

	
15.611

	
***

	
−0.809

	
0.386




	
PU4

	
<---

	
PU

	
0.831

	

	

	

	
0.893

	
0.677

	
−0.473

	
−0.828




	
PU3

	
<---

	
PU

	
0.792

	
0.069

	
13.83

	
***

	
−0.477

	
−0.932




	
PU2

	
<---

	
PU

	
0.813

	
0.072

	
14.355

	
***

	
−0.436

	
−0.766




	
PU1

	
<---

	
PU

	
0.854

	
0.071

	
15.337

	
***

	
−0.427

	
−0.735




	
PEOU4

	
<---

	
PEOU

	
0.795

	

	

	

	
0.841

	
0.571

	
−0.792

	
−0.269




	
PEOU3

	
<---

	
PEOU

	
0.697

	
0.081

	
10.839

	
***

	
−0.669

	
−0.312




	
PEOU2

	
<---

	
PEOU

	
0.700

	
0.075

	
10.899

	
***

	
−0.507

	
−0.648




	
PEOU1

	
<---

	
PEOU

	
0.822

	
0.082

	
13.049

	
***

	
−0.644

	
−0.580




	
FE3

	
<---

	
FE

	
0.801

	

	

	

	
0.856

	
0.666

	
−0.327

	
−0.517




	
FE2

	
<---

	
FE

	
0.764

	
0.074

	
12.26

	
***

	
−0.045

	
−0.679




	
FE1

	
<---

	
FE

	
0.878

	
0.082

	
13.951

	
***

	
−0.244

	
−0.491




	
IU3

	
<---

	
IU

	
0.809

	

	

	

	
0.864

	
0.679

	
−0.318

	
−0.244




	
IU2

	
<---

	
IU

	
0.845

	
0.079

	
13.72

	
***

	
−0.407

	
−0.122




	
IU1

	
<---

	
IU

	
0.818

	
0.078

	
13.31

	
***

	
−0.283

	
−0.009








*** p < 0.001, standard error (S.E.), composite reliability (CR), average variance extraction (AVE).
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Table 5. Discriminant validity analysis.






Table 5. Discriminant validity analysis.














	
	T
	INT
	PU
	PEOU
	FE
	IU





	T
	0.756
	
	
	
	
	



	INT
	0.365
	0.796
	
	
	
	



	PU
	0.544
	0.421 **
	0.822
	
	
	



	PEOU
	0.600
	0.394 **
	0.549 **
	0.755
	
	



	FE
	0.518 **
	0.307 **
	0.456 **
	0.544 **
	0.816
	



	IU
	0.498 **
	0.237 **
	0.483 **
	0.501 **
	0.531 **
	0.824







** Correlation is significant at the 0.01 level (2-tailed).
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Table 6. Model fit index.






Table 6. Model fit index.
















	
	X2/df
	GFI
	AGFI
	NFI
	IFI
	TLI
	CFI
	RMSEA





	Index
	1.254
	0.911
	0.888
	0.917
	0.982
	0.979
	0.982
	0.033
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Table 7. Path coefficient analysis of the structural equation.
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The Path

	
Estimate std.

	
S.E.

	
t-Value

	
p






	
PEOU

	
<---

	
T

	
0.651

	
0.093

	
8.164

	
***




	
PEOU

	
<---

	
INT

	
0.227

	
0.050

	
3.632

	
***




	
PU

	
<---

	
T

	
0.329

	
0.121

	
3.546

	
***




	
FE

	
<---

	
T

	
0.295

	
0.106

	
3.111

	
0.002




	
FE

	
<---

	
INT

	
0.061

	
0.050

	
0.928

	
0.353




	
PU

	
<---

	
INT

	
0.220

	
0.057

	
3.407

	
***




	
PU

	
<---

	
PEOU

	
0.329

	
0.108

	
3.400

	
***




	
FE

	
<---

	
PEOU

	
0.417

	
0.098

	
4.109

	
***




	
IU

	
<---

	
PU

	
0.217

	
0.063

	
2.677

	
0.007




	
IU

	
<---

	
PEOU

	
0.212

	
0.088

	
2.095

	
0.036




	
IU

	
<---

	
FE

	
0.371

	
0.080

	
4.182

	
***








*** p < 0.001.
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Table 8. Mediating effect analysis.






Table 8. Mediating effect analysis.





	Parameter std.
	Estimate
	Lower
	Upper
	p





	INT–PU–IU
	0.048
	0.010
	0.118
	0.011



	T–PU–IU
	0.071
	0.008
	0.172
	0.017



	INT–PEOU–IU
	0.048
	0.008
	0.113
	0.022



	T–PEOU–IU
	0.138
	0.007
	0.288
	0.038



	INT–FE–IU
	0.022
	−0.026
	0.077
	0.311



	T–FE–IU
	0.110
	0.031
	0.218
	0.002



	T–PEOU–FE–IU
	0.101
	0.052
	0.182
	***



	INT–PEOU–FE–IU
	0.035
	0.012
	0.084
	***







*** p < 0.001.
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