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ABSTRACT
This study aimed to investigate the factors that predict college students’ intention for mobile English learning and establish an integrated model synthesizing the technology acceptance model and motivation theory. A survey was conducted to gather self-reported data from 241 Chinese undergraduates at Northeast Petroleum University, Qingdao Agricultural University and Zhaoqing University. Confirmatory factor analysis with the maximum likelihood estimation assessed measurement model’s validity, reliability and fit indices, and structural equation modelling (SEM) was performed to evaluate all hypotheses and the hypothesized structural model using the Amos24 software package. The results showed that social influence had significant impact on perceived usefulness, perceived ease of use, attitude and intention. Perceived ease of use was also positively and significantly related to perceived usefulness, attitude and intention. Moreover, perceived usefulness correlated with attitude and intention, and attitude played a critical role in determining students’ intention to use mobile learning to study English. The study’s integrated model was empirically confirmed and contributed to establishing a new theoretical foundation for subsequent research related to technology acceptance for second language acquisition. Additionally, the findings also offered actionable insights for university administrators and teaching faculty. 
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Introduction
The advent of the Information Age has revolutionized the educational landscape. Recently, an innovative learning approach has emerged that combines e-learning with mobile technology (Almaiah & Almulhem, 2018; David et al., 2017). Known as mobile learning (m-learning), this new approach supports learner-centred instructional design (Reddy et al., 2022) and is capable of providing comprehensive learning experiences for students (Wang et al, 2021). Besides, learning has become more convenient due to the removal of time and location constraints, which has improved academic performance and motivation (Peng et al., 2023; Yang, 2024). M-learning also gives teachers opportunities to utilise diverse pedagogies, such as game-based tasks, team work and quizzes that align with learners’ distinct learning styles (Yeop et al., 2019). The proliferation of mobile devices—including e-readers, smartphones and PDAs—has driven substantial growth in mobile learning adoption within higher education populations (Abu-Al-Aish & Love, 2013). Recognizing the pedagogical value of m-learning, nations including the US, the UK, Australia, Japan, Malaysia, and multiple European states have systematically integrated m-learning into tertiary education systems (Khan et al., 2015) and make efforts to take full advantage of the technology (Almaiah & Alismaiel, 2019). For example, the UK recently invested 12 million pounds in developing an m-learning network, aiming at accelerating m-learning integration across its higher education sector (Almaiah & Alismaiel, 2019). Universities in the US have begun to supply students with free mobile devices to download the requisite library materials (Almaiah & Alismaiel, 2019). In Malaysia, efforts are being made to combine m-learning with other learning programmes to encourage students’ engagement and overcome culturally-based technology adoption challenges (Ariffin, 2011). 
[bookmark: OLE_LINK12]In China, the communications infrastructure has greatly improved over the last   decade. Recently, China witnessed a boom in the use of communication technologies following the nationwide deployment of 5G mobile network. In 2021, Liu Liehong, Vice Minister of the Ministry of Industry and Information Technology, announced that China had constructed the world’s largest 5G mobile network (Gmw.cn, 2021). China’s educational deployment of 5G technology has mainly focused on developing smart classrooms and smart campuses. The high bandwidth and low latency of the 5G network has enabled technologies such as holographic imaging, augmented reality and virtual reality to be incorporated into teachers’ educational resources. These technologies can enhance teaching by enabling teachers to provide real-time image transmission and holographic and interactive teaching services. Moreover, entire classes, including holistic classroom data can be recorded using a 5G intelligent terminal. When used in combination with big data and AI technologies, the classroom data can enable teachers to build learning portraits of their students and conduct comprehensive and objective data analyses of their classes to improve the effectiveness and focus of their teaching. 

[bookmark: OLE_LINK35]While many Chinese colleges have integrated mobile learning into their curricula, there is a dearth of empirical research examining Chinese undergraduates’ intention toward adopting mobile-assisted language learning for English study. Therefore, the present investigation sought to determine key antecedents predicting Chinese undergraduates’ m-learning acceptance intention for English study and the structural relationships between these variables. Overall, the study aimed to identify factors predicting m-learning behavioural intention while validating a composite model synthesizing motivation theory and the TAM. This study contributes to the literature by providing data in a new educational context and a new theoretical framework for future English pedagogy studies. We also provide some practical recommendations for increasing students’ involvement in m-learning and enhancing students’ academic performance in studying English.

Literature review
Mobile learning
[bookmark: OLE_LINK13]M-learning has only recently been introduced to the field of education (Sarrab et al., 2016), and scholars have provided a number of different definitions of this new approach. Almaiah and Almulhem (2018) conceptualized m-learning as an emergent e-learning paradigm leveraging mobile technologies. Dai et al. (2018) characterized m-learning as an educational paradigm that eliminates spatiotemporal constraints through wireless communication and mobile technology. Goksu (2021) defined m-learning as a type of learning allowing individuals to gain experiences through collaborative or individual learning by accessing, managing and generating information through digital engagement using portable devices. M-learning is conceptualized herein as educational activities facilitated by mobile technology and mobile devices. M-learning has been used in both formal (i.e. at school) and informal (i.e. outside school) educational activities and has a number of features, such as flexibility, convenience, mobility (Dai et al., 2018), portability, instant connection and situational sensitivity (Churchill & Churchill, 2008; Sharples, 2000), which enables it to cater to the idiosyncratic needs of individual users. M-learning enables users to easily access abundant learning materials that are suited to their individual needs and enables seamless communication with instructors and peers across temporal constraints. These resources can enhance students’ interest in learning and improve their learning efficiency, and they have helped to make m-learning a preferred learning tool among university students. As m-learning systems have been increasingly used for training and educational purposes in higher education in recent years (Tang & Hem, 2017), m-learning is now widely accepted as an indispensable component of higher education (Hamidi & Chavoshi, 2018).
Scholarly attention has increasingly focused on m-learning implementation within tertiary education systems (e.g. Almaiah & Alismaiel, 2019; Cheon et al., 2012; Hamidi & Chavoshi, 2018; Wang et al., 2009). For example, Hamidi and Chavoshi (2018) investigated the use of m-learning within university environments, concluding that m-learning is a promising education technology. Cheon et al. (2012) analyzed students’ perceptions regarding m-learning and found that the theory of planned behaviour accurately explained students’ perceptions. In an empirical investigation into the elements that affect the application of m-learning in Jordanian universities, Almaiah and Alismaiel (2019) found that quality factors played a critical role in users’ intention to engage in m-learning. Wang et al. (2009) found the self-management construct of learning, effort expectancy and performance expectancy influenced American college students’ engagement in m-learning. Overall, the wide use of m-learning by students indicates that m-learning has become an important learning approach that needs to be attached importance to and overscored (Goksu, 2021).

Technology acceptance model
The TAM (Davis, 1989) is commonly employed to examine user acceptance and utilization of technology. The model evolved from the theory of reasoned action (Fishbein & Ajzen, 1975) which is specifically used to study the antecedents of information system usage. The TAM has been successfully applied in numerous technology settings, such as e-learning (Li et al., 2021), websites (Ahmad et al., 2018), autonomous vehicles (Yuen et al., 2021) and blogs (Ifinedo, 2017). 
[bookmark: OLE_LINK14]The two main variables in the model are perceived usefulness (PU) and perceived ease of use (PEOU) (Binyamin et al., 2019), which are considered to be critical antecedents of information system adoption intention (Davis, 1989). PEOU refers to ‘the degree to which a person believes in the ease of using a particular system’ (Davis, 1989, pp.320). Within the domain of m-learning, PEOU has been described as the extent to which users perceive that engaging in m-learning will be free from effort (Mutambara & Bayaga, 2020). Students tend to evaluate the PEOU of new approaches such as m-learning based on their experiences of interacting and engaging with the technology. Studies have found that students tend to exhibit a strong PEOU in relation to information technology (e.g. Almaiah & Alismaiel, 2019; Li et al., 2021; Nikou & Economides, 2017). The TAM also suggests that PEOU is positively related to PU. PU is conceptualized as ‘the extent to which a person believes that using a special system can improve his/her working ability’ (Davis, 1989, pp.320). In the new context of m-learning, this study defines PU as the extent to which users perceive that adopting m-learning can improve their academic performance. Chen and Tseng (2012) found that PU provided a wide range of information on how to facilitate and improve students’ university lives. Research has also shown that PU is a critical variable in determining college students’ intention to employ a technology (e.g. Al-Adwan & Smedley, 2012; Almaiah & Alismaiel, 2019; Nikou & Economides, 2017). In addition to PU and PEOU, attitude is a key determinant of individuals’ behavioural intention, and it is depicted in the TAM as an individual’s overall emotional response to a novel technology in the context of technology acceptance and adoption (Venkatesh et al., 2003). In this study, ‘attitude’ refers to students’ level of eagerness to use mobile devices in their language learning (Ardies et al., 2015; Hoi, 2020). Studies indicate that students’ attitudes substantially impact their intention to adopt m-learning for language acquisition (Hoi, 2020; Lai et al., 2022). Moreover, the TAM assumes that technology acceptance and use can be predicted by behavioural intention (Davis, 1989), which is described as an individual’s cognitive awareness of their willingness or readiness to engage in certain behaviours (Fang et al., 2019). Behavioural intention is widely regarded as the strongest factor for predicting information system adoption (Venkatesh & Davis, 2000).
The TAM has been used to examine and explain the intention of Internet users, and investigate students’ intention and behaviour in relation to m-learning by numerous researchers (e.g. Liu, et al., 2010; Nikou & Economides, 2017; Park et al., 2012). However, these studies did not fully examine the external variables that may affect PU and PEOU. As a result, a number of scholars have suggested extending the TAM to gain a clearer understanding of individuals’ decisions to use new technologies (Chong, 2013; Legris et al., 2003). A number of additional constructs were subsequently added to the TAM to better demonstrate and predict the intention to use m-learning, including social influence, perceived playfulness, performance expectations and effort expectations (Wang et al., 2009); perceived relatedness, perceived competence and perceived autonomy (Nikou & Economides, 2017); service quality and individual creativity (Abu-Al-Aish & Love, 2013); and information quality, system quality and service quality (Almaiah & Alismaiel, 2019).
Based on the above- mentioned literature, the following hypotheses were proposed:
[bookmark: OLE_LINK27][bookmark: _Hlk206085969]H1: PEOU positively correlates with the PU of m-learning system to study English.
[bookmark: _Hlk206085997]H2: PEOU positively correlates with attitude towards using m-learning system to study English.
[bookmark: _Hlk206086012]H3: PEOU positively correlates with intention to use m-learning system to study English.
H4: PU positively correlates with attitude towards using m-learning system to study English.
[bookmark: OLE_LINK17]H5: PU positively correlates with intention to use m-learning system to study English.
H6: Attitude positively correlates with intention to use m-learning system to study English.


	
Social Influence
In the literature, social influence (SI) has been regarded as an extrinsic motivator (Lee et al., 2005; Venkatesh et al., 2003). Ajzen’s (1991) theory of planned behaviour posits that an individual’s behaviour is affected by the people they consider to be important or influential. In IT context, Venkatesh and Davis (2000) described SI as a critical factor for predicting technology acceptance behaviour and technology implementation intention. Venkatesh et al. (2003) further conceptualized SI as the degree of perceived pressure an individual feels from significant referents to use a new information system. Within the new domain of m-learning, according to Pramana (2018), perceived SI is the extent to which a teacher or learner believes that important or influential people perceive he or she should adopt m-learning. In their study on a statistics learning platform, Song and Kong (2017) demonstrated that SI exerted a substantial effect on learners’ PU. Similarly, Wang et al. (2017) elucidated that SI significantly correlated with teachers’ PU in continuing to use cloud services. In addition, research confirms that SI plays a vital role in determining students’ intention to use information technology (Li et al., 2021; Venkatesh & Davis, 2000; Vululleh, 2018). However, Khechine et al. (2020) found that SI failed to exert a significant effect on the behavioural intention to apply a social learning system. Accordingly, Venkatesh et al. (2003) proposed that SI has complex and varied effects on technology acceptance in different contexts.
China is widely acknowledged to be a collectivist society in which people tend to consider themselves as interdependent and relational (Markus & Kitayama, 1991). Accordingly, Chinese people tend to monitor their surrounding environment and adjust their actions to conform with contextual factors and pressure groups (Gao, 2009). Interactions between social members is a vital method of information transmission in collective cultures such as China, and individuals are more concerned with their interpersonal relationships (Srite, 2006; Zhao et al., 2021). In such a collective environment, students are influenced by professors and classmates in such a communal atmosphere because they wish to retain good relations with and get support from them (Lai et al., 2022). Consequently, SI is likely to be a critical construct affecting learners’ intention to adopt mobile English learning on part of Chinese college students. Additionally, with regard to research on students’ intention for using m-learning, limited empirical studies illustrated how SI would exert impact on PEOU and PU (Alshurideh et al., 2023). Accordingly, the synthesized model (Figure 1) and the hypotheses were put forward as follows:
[bookmark: OLE_LINK29][bookmark: _Hlk206086106]H7: SI positively correlates with the PEOU of m-learning system to study English.
H8: SI positively correlates with the PU of m-learning system to study English.
H9: SI positively correlates with attitude towards using m-learning system to study English. 
H10: SI positively correlates with intention to use m-learning system to study English.
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Fig. 1. The proposed synthesized model


Methodology
Data collection
[bookmark: OLE_LINK11][bookmark: OLE_LINK15]This study uses questionnaire to collect data and the questionnaire is filled anonymously, which will not cause harm to the subjects or invade privacy. The surveyors explained the purposes of the research to the students，prior to filling in the questionnaire. Respondents participated in this research voluntarily and had the right to freely choose to stop participating at any time. Refusing to participate or withdrawing from this research would not result in any loss or punishment. Besides, all the respondents were told by the surveyors that all the information and data filled by the respondents would be used solely for research purposes, and without the permission, the information would not be disclosed to third parties. The questionnaire is composed of three parts: The first part is to illustrate what is mobile learning objectively; the second part is the main body which includes the items of the constructs in the proposed model in this study; the third part collects participants’ profiles, including gender, age and major. A survey was conducted to gather self-reported data from students of various majors at Northeast Petroleum University in northern China, Qingdao Agricultural University in central China and Zhaoqing University in southern China. A purposive sampling method was used in which only students who had used m-learning to study English were recruited. Three professional assistants helped administer the survey and invited 293 students to participate in the study. Among them, 241 respondents took part in the survey voluntarily and completed the questionnaire, giving an 82.3% response rate. Based on various study guidelines, SEM requires a sample size of at least 200 observations (Reinartz et al., 2009). Thus, the sample size of 241 valid questionnaires met this requirement.

Measurement
[bookmark: OLE_LINK19]The measurement scales applied in this study were developed and used by Davis (1989) and Li et al. (2021). The questionnaire was modified slightly to suit the context of mobile English learning. The scale consists of 19 items. PEOU was assessed using a four-item instrument. A representative item measuring PEOU states ‘Learning to operate the m-learning system to study English is easy for me’. One item of PEOU was removed to enhance the measurement model’s convergent validity. The variable of PU was measured by five items. An example for PU is ‘Using m-learning system allows me to accomplish my English learning tasks more quickly’. A three-item instrument was used to assess intention. One item of intention was deleted to enhance the convergent validity. An example item for intention is ‘I use m-learning system to do different things for studying English’. Three items were used to evaluate the variable of SI. An example for SI is ‘My instructors think that I should learn English through m-learning system’. Attitude was assessed via a four-question instrument.  An example for attitude is ‘Using m-learning is a good idea to learn English.’ The questionnaire underwent forward translation to Chinese followed by back-translation to English, supervised by two bilingual professors. We employed a 7-point Likert scale ranging from 1 (strongly disagree) to 7 (strongly agree) for all measures. The multicollinearity was assessed by the variance inflation factor (VIF) and the results revealed that the VIFs of all the constructs ranged from 1.660 to 1.844, confirming absence of problematic multicollinearity.

Data analysis
[bookmark: _Hlk217474104]Descriptive statistics for age, gender distribution, and academic majors were computed using SPSS 25. In addition, confirmatory factor analysis (CFA) with the maximum likelihood estimation was conducted to examine convergent/discriminant validity, internal consistency reliability, and model-data fit indices. Finally, structural equation modelling (SEM) was performed to evaluate all hypotheses and the hypothesized structural model grounded in the TAM and motivation theory using the Amos24 software package. SEM is a recently developed statistical technique that combines different techniques, such as simultaneous equations, path analysis, regression analysis, factor analysis and measurement theory. SEM is suitable for studying complex constructs and systems of causal relationships. Therefore, SEM was used to analyse the causal relationships linking PU, PEOU, SI, attitude and intention in the current study.
Results
Descriptive data analysis
Frequency distribution was adopted to analyse the profiles of the respondents in terms of gender, age and major via SPSS 25. Of the 241 participants, male accounted for 39% and female accounted for 61%. Participants aged from 18 to 21 comprised 83.4% of the sample. Education, English, and History majors constituted 24.9%, 17.4%, and 16.6% of respondents respectively, while the remainder represented diverse fields including Accounting, Chinese, International Trade, Tourism Management and others. Demographic data for the study sample appear in Table 1.
Table 1.  The profile of the respondents (N=241)
	Measure
	Category
	Frequency
	Percent

	Gender
	male
	94
	39

	
	female
	147
	61

	
	18
	52
	21.6

	
	19
	94
	39

	Age
	20
	55
	22.8

	
	21
	19
	7.9

	
	22
	16
	6.6

	
	23
	5
	2.1

	
	Education
	60
	24.9

	
	Tourism Management
	11
	4.6

	
	History
	40
	16.6

	
	International Trade
	12
	5

	
	Accounting
	24
	10

	Major
	English 
	42
	17.4

	
	Maths
	1
	0.4

	
	Chinese
	20
	8.3

	
	Music
	4
	1.7

	
	Politics
	4
	1.7

	
	Biology
	1
	0.4

	
	Other majors
	22
	9.1





Measurement model results
[bookmark: OLE_LINK20][bookmark: OLE_LINK21][bookmark: OLE_LINK22][bookmark: OLE_LINK23]CFA with the maximum likelihood estimation assessed measurement model’s validity, reliability and fit indices. The measurement model demonstrated satisfactory validity, reliability, and fit indices. The reliability of the measurement model was verified by Cronbach’s alpha and composite reliability (CR). Cronbach’s alpha for all variables (Table 2) were between 0.866 and 0.959, surpassing the standard criterion of 0.7 (Cronbach, 1951). Moreover, CR coefficients for all variables (Table 2) exceeded the cut-off value of 0.7 (Hair et al., 2011): PEOU, 0.901; PU, 0.919; Attitude, 0.959; SI, 0.912 and Intention, 0.823. Thus, these results provided further confirmation of the reliability of the constructs. Factor loading is commonly used to examine convergent validity. A factor loading of 0.5 is considered a cut-off for acceptable loading (Chen & Tsai, 2007). The variables’ loadings exceeded 0.5, demonstrating the convergent validity of each variable. In addition to the factor loadings, average variance extracted (AVE) was used to evaluate the convergent validity of the instruments. Table 2 shows that the AVE of all the unobserved variables surpassed the suggested criterion of 0.5 (Fornell & Larcker, 1981), further confirming the instruments’ convergent validity. The discriminant validity of the measurements was also tested by comparing the squared latent factor correlations of the variables and the AVE (Fornell & Larcker, 1981). Table 2 confirmed the discriminant validity as inter-construct correlations fell beneath the square roots of the AVE.
[bookmark: _Hlk111381673]Table 2.  Measurement model
	
	Cronbach’s 
Alpha
	Composite Reliability
	Average Variance Extracted
	Perceived 
Ease of Use
	Perceived Usefulness
	Attitude 
	SI
	Intention

	Perceived Ease of Use
	
0.899
	
0.901
	
0.753
	
0.868
	
	
	
	

	Perceived Usefulness
	
0.917
	
0.919
	
0.693
	
0.525***
	
0.833
	
	
	

	Attitude
	0.959
	0.959
	0.885
	0.555***
	0.790***
	0.925
	
	

	SI
	
0.912
	
0.912
	
0.776
	
0.594***
	
0.673***
	
0.663***
	
0.881
	

	Intention
	0.866
	0.823
	0.710
	0.736***
	0.764***
	0.799***
	0.759***
	0.843


注释: ***: p<0.001
[bookmark: OLE_LINK24]The diagonal entries represent the square roots of AVE; the off-diagonal entries show inter-construct correlations.

As shown in Table 3, the proposed model exhibited satisfactory goodness-of-fit indices. The model’s chi-square value was 176.419 (p < 0.001). The model’s normed chi-square value was 1.619, which is lower than the suggested value of 5.0 (Hair et al., 2006). Other goodness-of-fit indices also confirmed that the data fit the measurement model. The mean square error of approximation (RMSEA) was 0.051, which is less than the recommended criterion of 0.08 (Hair et al., 2006). The goodness-of-fit index (GFI), comparative fit index (CFI), incremental fit index (IFI), normed fit index (NFI) and Tucker–Lewis index (TLI) values were all above the threshold of 0.90 (Hair et al., 2006)．
Table 3.   Measurement model fit indices
	
	X2
	df
	X2 /df
	GFI
	NFI
	IFI
	TLI
	CFI
	RMSEA

	Indices of the measurement model
	176.419
	109
	1.619
	0.923
	0.955
	0.982
	0.978
	0.982
	0.051

	Suggested Value
	
	
	<5
	≥0.90
	≥0.90
	≥0.90
	≥0.90
	≥0.90
	≤0.08



Structural model results　
[bookmark: _Hlk206172398][bookmark: OLE_LINK25]As evidenced in Table 4, the hypothesized structural model exhibited satisfactory goodness-of-fit indices.  X2 for the structural model was 176.419 and df was 109 (p < 0.001). The X2/df ratio was 1.619, well within the recommended range (< 5.0) (Hair et al., 2006). The RMSEA was 0.051, smaller than the suggested value of 0.08 (Hair et al., 2006). Additionally, the other goodness-of-fit indices exceeded the 0.90 benchmark (Hair et al., 2006): GFI, 0.923; NFI, 0.955; IFI, 0.982; TLI, 0.978 and CFI, 0.982.  
Table 4.  Structural model fit indices
	
	[bookmark: _Hlk206171784]X2
	df
	 X2 /df
	GFI
	NFI
	IFI
	TLI
	CFI
	RMSEA

	Indices of the structural model
	176.419
	109
	1.619
	0.923
	0.955
	0.982
	0.978
	0.982
	0.051

	Suggested Value
	
	
	<5
	≥0.90
	≥0.90
	≥0.90
	≥0.90
	≥0.90
	≤0.08



All proposed hypotheses received empirical support through statistical analysis (Table 5). PEOU positively and directly correlated with PU (βPEOU→PU = 0.195, t = 2.715, p < .01), attitude (βPEOU→ATT = 0.133, t = 2.306, p < .05) and intention (βPEOU→INT = 0.324, t = 5.328, p < .001). PU had a strong effect on attitude (βPU→ATT = 0.597, t = 8.486, p < .001) and directly influenced the intention to implement mobile English learning (βPU→INT = 0.187, t = 2.319, p < .05). Furthermore, SI significantly and positively affected PEOU (βSI→PEOU = 0.594, t = 8.718, p < .001), PU (βSI→PU = 0.557, t = 7.247, p < .001), attitude (βSI→ATT = 0.182, t = 2.659, p < .01) and intention (βSI→INT = 0.229, t = 3.335, p < .001). Moreover, attitude exerted a significant effect on students’ intention to implement mobile English learning (βATT→INT = 0.319, t = 4.020, p < .001). Thus, all of the proposed hypotheses were confirmed. In addition, the findings showed that the new model had an explanatory power of 35.3% for PEOU, 47.7% for PU and 66.7% for students’ attitude. Furthermore, the unobserved variables of SI, attitude, PEOU and PU accounted for 81.1% of the total variance in the intention to use m-learning to study English among the participants. Thus, these results verified the hypothesized causal relationships between the constructs in the combined model, which is depicted in Figure 2.  
Table 5.  Hypotheses’ test results
	Hypothesis
	 Result

	[bookmark: OLE_LINK28]H1: PEOU positively correlates with the PU of m-learning system to study English.
	 Supported

	H2: PEOU positively correlates with attitude towards using m-learning system to study English.
	 Supported

	H3: PEOU positively correlates with intention to use m-learning system to study English.
	 Supported

	H4: PU positively correlates with attitude towards using m-learning system to study English.
	 Supported

	H5: PU positively correlates with intention to use m-learning system to study English.
	 Supported

	H6: Attitude positively correlates with intention to use m-learning system to study English.
	 Supported

	H7: SI positively correlates with the PEOU of m-learning system to study English.
	 Supported

	H8: SI positively correlates with the PU of m-learning system to study English.
	 Supported

	H9: SI positively correlates with attitude towards using m-learning system to study English.
	 Supported

	H10: SI positively correlates with intention to use m-learning system to study English.
	 Supported


[image: ]
Fig. 2.  SEM results of the synthesized model

Discussion
[bookmark: OLE_LINK30]PEOU significantly and directly influenced PU, aligning with previous literature (Al-Mamary, 2022; Li et al., 2021; Mutambara & Bayaga, 2021; Nikou & Economides, 2017). It suggests that students who are able to skillfully use m-learning are inclined to believe that they will benefit from using m-learning to study English. Moreover, PEOU exerted a significant effect on students’ attitude towards m-learning, which corresponds with the literature (Al-Mamary, 2022; Cheon et al., 2012; Kim & Lee, 2016; Salloum et al., 2019). PEOU also significantly influenced students’ intention to adopt m-learning, consistent with prior literature (Almaiah & Alismaiel, 2019; He & Li, 2023; Mutambara & Bayaga, 2021; Venketesh et al., 2003). Therefore, these findings confirm that PEOU has significant effects on intention and suggest that students who can easily engage in m-learning are likely to hold favourable conception of m-learning, subsequently intending to utilize it for English study.
Besides, PU was positively related to students’ attitude towards using m-learning, congruent with existing literature (Cheon et al., 2012; Lu et al., 2009; Salloum et al., 2019). This finding suggests that students who believe m-learning is likely to enhance their English performance will probably also perceive mobile English learning positively. Furthermore, the current findings indicated PU emerged as a key antecedent of intention, which corresponds with the findings of Iqbal and Bhatti’s (2017) study on Pakistan undergraduate students’ motivation to utilize m-learning. The findings also concur with Mutambara and Bayaga’s (2021) study on m-learning acceptance for STEM learning by high school students. Overall, the results demonstrate that those students perceiving that m-learning can assist them in completing their English studies or improve their English learning efficiency will have an increased likelihood of engaging in m-learning for English studies. 
[bookmark: OLE_LINK36]SI was identified to be an important predictor of PU, as other studies have shown (Alshurideh et al., 2023; Hassan et al., 2020; Song & Kong, 2017; Wang et al., 2017). The findings also showed that SI positively affected PEOU, consistent with the results of existing studies (Alshurideh et al., 2023; Zhang et al., 2020). SI was found to be significantly and positively related to attitude, lending credence to similar findings from previous studies (Hoi, 2020). SI was also found to exert a crucial impact on students’ intention, which is supported by previous literature (Hoi, 2020; Kamal et al., 2020; Li et al., 2021; Vululleh, 2018). These results suggest that students exposed to peer adoption or teacher recommendations of mobile English learning are more likely to perceive the system as effortless to use and effective for language improvement.
The findings of this study also showed attitude significantly influenced students’ intention regarding mobile English study. These results concur with those of Hoi (2020) who studied mobile devices acceptance in language learning, discovering that attitude was the most powerful predictor of students’ learning intentions. Overall, these findings suggest that Chinese students with positive feeling towards m-learning have a greater tendency to use it when studying English.
Conclusion
This study explored the relationships among SI, PU, PEOU, attitude and the intention regarding mobile English study, and consequently, the overall causal relationships between these constructs were confirmed by the sample data. The integrated model resting on motivation theory and the TAM was warranted to have good predictive validity as well. The findings revealed that in addition to PEOU, PU and attitude, SI had a significant effect on Chinese undergraduates’ intention to implement m-learning for learning English. SI was also found to be positively related to PEOU, PU and attitude towards using m-learning. PEOU had direct and positive effects on attitude and PU; PU exerted a strong direct effect on attitude. The variables of SI, PU, PEOU and attitude collectively explained 81.1% of the variance in students’ m-learning intention for English study—substantially exceeding TAM’s typical 50% benchmark in prior IS adoption research (Venkatesh & Davis, 1996). 
To date, the empirical studies on m-learning application intention to learn English on Chinese college students’ part are not adequate yet. Therefore, this research advances the m-learning acceptance literature. Moreover, the synthesized model was shown to achieve satisfactory predictive validity in the current research. Consequently, this study’s integrated model establishes a new theoretical foundation for subsequent research related to technology acceptance intention for second language acquisition.
[bookmark: _Hlk206240714]These findings also offer actionable insights for university administrators and teaching faculty. First, given that PEOU plays a critical role in determining PU, attitude and intention, universities should attach great importance to this influential factor. University management should invite professional technicians to explain the functions of the platforms to students and teachers and teach them how to use the system. Such training cultivates their technical competence in utilizing the platforms, and thus likely instills favourable attitudes towards m-learning and enhances students’ English performance. Second, students require prompt online support from technical staff to assist them in solving problems and make them feel at ease when using the system. Students demonstrating technical competence and satisfying interactions with m-learning platforms better recognize its educational affordances, thereby developing significantly more positive attitudes toward system utilization—validating the experience-attitude pathway. Furthermore, teachers should provide timely feedback on students’ work as this can help strengthen students’ confidence and enable them to see how they are progressing with m-learning. At the same time, teachers need to supply a wide variety of attractive and useful English learning materials for their students to select according to their own needs, which can help generate unique user experiences. Students recognizing m-learning’s utility will develop more favourable perceptions, significantly increasing adoption likelihood. As SI proved to be a vital factor in current research’ model, it is important to recognize that students’ attitudes and intention regarding mobile English learning are greatly influenced by the views of important others, such as university management, teachers, schoolmates and friends. Thus, universities should try to exert positive SI on their students and spread positive ‘word of mouth’ appraisals of mobile English learning. In particular, given that China is a collectivist-oriented country in which universities and faculty staff serve as pivotal social referents, shaping students’ perceptions and behaviours, university management and teachers are supposed to recommend students to use m-learning to study English by informing them of its benefits. Moreover, the positive user experiences that students can gain from the help of technical staff, university management and teachers not only help to instill positive impressions of m-learning but are also likely to lead them to recommend the system to their friends and schoolmates. 
As students’ m-learning intention is also affected by their intrinsic motivations and other facilitating conditions, subsequent research ought to assess whether additional factors will influence Chinese college students’ m-learning adoption intention. We encourage researchers to extend the proposed model in this study by taking the factors like perceived enjoyment, perceived competence, system quality and service quality into consideration either as antecedents or moderators.
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