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Abstract 

Purpose Covid-19, which affects the whole world, has caused serious changes in many aspects such as lifestyle, habits and purchasing 

behaviour. New digital consumers and companies that emerged during the epidemic; they realized that mobile devices, especially mobile 

phones, have become a solution to many real-world problems such as learning and education anytime and anywhere. This study aims to 

determine the factors affecting the users' mobile learning (m-learning) usage intention during the Covid-19 pandemic process.  

Design/methodology/approach – This study contributed to the confirmation of the extended TAM model for a mobile device. The sample of the 

questionnaire is 460 students from different universities in Turkey. These data obtained were analyzed with the Structural Equation Model 

(SEM) and LISREL program was used for data analysis. 

Findings – This study proffers a model that the antecedents of the users' mobile learning intention during the Covid-19 pandemic. According to 

the results of the study, it was concluded that the factor affecting the users' mobile learning (m-learning) intention to use the most is perceived 

ease of use, the least effective factor is intrinsic leisure motivation, and the future anxiety factor has a meaningless effect. 

Originality/value – A holistic view of the antecedents of the users' mobile learning intention during the Covid-19 pandemic would be of 

important use to practitioners and academics alike. This study is different from previous studies; It is thought that it will contribute to the 

literature by addressing the effects of internal leisure motivation, future anxiety, behavioural spread and system-service quality dimensions on 

m-learning. For the researchers, this study took an important step towards explaining the m-learning relationship with students' intrinsic leisure 

motivation, future anxiety, behavioural spread, and system-service quality learning perspectives. 

Keywords Mobile learning, Mobile CRM, Technology Acceptance Model 

 

1. Introduction 

 While the first Covid-19 cases in the world emerge in Wuhan, 

China, has been seen on March 11, 2020, in Turkey. The Covid-19 

pandemic process that started after this date affects the whole 

world in many aspects such as economic, cultural and technology. 

In this process, where the primary aim is to survive, it is seen that 

the minor behaviour patterns of the consumers emerge and their 

habits change. Besides, it is possible to say that the consumer 

behaves more rationally and tends towards more rational products 

that will meet his needs. In brief, there has been a rapid transition 

to a more digital era where even hobbies differ. 

     The mobile industry shows rapid growth in both developed and 

developing countries with a steadily increasing rate of personal 

ownership [27]. The mobile industry contributes to people's lives 

and work, thanks to its wider accessibility to the mobile cellular 

network [25]. Also, it is more involved in daily life at the global 

level [27]. Wireless technology has become one of the most 

common functional tools used in everyday life, providing widen 

mobility for a permanently "connected" lifestyle [25]. The 

widespread use of mobile devices has also affected the field of 

education, and learning tools have started to adapt to digital 

transformation. Mobile devices are seen as technologies that are 

likely to affect the education sector and learning with their high 

market penetration and constantly evolving technological features 

[27]. 

    The demand for m-learning applications and the popularity of 

the applications are increasing rapidly. With the implementation of 

many projects on m-learning, it has become a common 

phenomenon in modern education systems [2]. M-learning is an 

innovative idea that provides tremendous opportunities by 

connecting people and technology, such as better learning 

experiences and technology adoption. The use of M-learning is 

increasing rapidly around the world, but there are some 

deficiencies in understanding the factors that affect its acceptance 

in society, especially in developing countries [11]. It is very 

significant for the successful application of m-learning systems to 

be accepted by individuals [53]. Also, to encourage the use of 

technological innovations, potential users must first be made aware 

of the technology and persuade its use. Understanding the various 

factors affecting technology adoption is at the centre of technology 
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adoption research [26]. So, there is a need to investigate the factors 

affecting the user's intention to use m-learning [53]. 

     There are plenty studies in marketing literature about 

behavioural intention and use in using m-learning [26]; [12]; [5]; 

[25]; [2]; [6]; [1]; [42]; [30]; [16]; [11]; [8]; [44]; [13]; [37]; [43]; 

[27]; [38]; [9]; [23]; [22]; [47]; [4]; [14]; [3]; [48]; [10]; [51]; [34]; 

[31]; [53]. In these studies, the Technology Acceptance Model 

(TAM), Unified Theory of Acceptance and Use of Technology 

(UTAUT), and Unified Theory of Acceptance and Use of 

Technology (UTAUT2) are generally used as basic models. This 

study sets out a framework for the adoption of m-learning services. 

The variables that affect the participants' intention to use m-

learning services were determined by the integration of variables 

derived from the TAM. The aim of this study is; to determine the 

factors that affect the users' intention to use m-learning during the 

Covid-19 pandemic process. And then, it is aimed to suggest 

strategies to companies about mobile CRM with the results. This 

study is different from previous studies; It is thought that it will not 

contribute to the literature by addressing the effects of internal 

leisure motivation, future anxiety, behavioural spread and system-

service quality dimensions on m-learning. 

2. Literature review  

This section is about a brief review of relating to our work.  

2.1. Mobile learning  

Mobile applications (used in tools such as smartphones and tablets) 

have emerged in the business world as a marketing tool, primarily 

because they change customer-company interaction models [49]. 

With the spread of mobile computing technology, m-learning plays 

a major role in the rapidly growing electronic learning market. M-

learning enables individuals to deliver learning anytime and 

anywhere through the use of wireless internet and mobile devices, 

including tablets, personal digital assistants (PDAs), smartphones 

and digital audio players [53]. M-learning is defined as learning 

about the user's mobility where information can be managed 

personally using mobile applications [12]. Defined as a variation of 

e-learning in early studies, m-learning enables learning anytime 

and anywhere with the use of mobile devices or handheld 

information technology (IT) devices. M-learning occurs when 

individuals participate in learning activities regardless of a physical 

location. Recent studies provide a broader definition of m-learning 

and define it as "learning in multiple contexts using personal 

electronic devices, through social and content interactions" [38]. 

Potential benefits of m-learning include a wide range of cost 

savings, comprehensive communication and location-based 

services [47]. Among the reasons for the rapid growth of m-

learning are the increase in the number of mobile devices, low cost 

of mobile services, the rapid development of mobile wireless 

technologies, capability improvements of mobile devices and SMS, 

MMS, voice/video recording, picture capture, data storage and 

internet access [39]. The evolution of educational methods in 

organizations is leading to new technology-based learning models 

[25]. 

     M-learning has recently turned into a real educational platform. 

This is evidenced by the growth and impact of breakthrough 

technology and the application of m-learning over the last decade. 

The growth and development of m-learning have also been in 

keeping with the evolution of the online world. Also, the rapid 

development of mobile technology has encouraged the creation of 

wireless m-learning in mobile devices. Moreover, parallel to the 

development of communication tools, the learning process is 

evolving from the traditional face-to-face method to distance 

learning and e-learning [23]. In particular, the increase in the use of 

smartphones as a learning tool in education causes the rapid spread 

of m-learning in both developed and developing countries. The key 

features of smartphones, namely mobility, ubiquity, lightness, low 

cost and connectivity anywhere and anytime, enhance their use in a 

variety of ways. 

     M-learning creates an important advantage for institution staff 

as well as students. So, it is extremely important for both the 

business world and the training and development of students. 

Education is recognized as an essential strategic organizational tool 

and is also associated with greater profit and employee retention. 

However, staff training was generally seen as a cost rather than an 

investment. This idea has changed today with the understanding 

that education is now an important factor in creating knowledge 

and therefore one of the most valuable business-related activities. 

In a dynamic and ever-changing environment, companies need to 

keep employees' knowledge and necessary skills constantly up-to-

date to remain competitive. The reason why institutions and 

organizations invest in education is that a qualified and educated 

workforce will provide more added value as well as making their 

jobs sustainable and competitive [25]. M-learning is one of the 

most advantageous applications in today's conditions. Studies on 

m-learning in the literature are presented in Table 1.

 

Table 1 Studies on the acceptance of the use of mobile learning 

Reference Data Source Dimensions External Variables 

Al-Emran et al. (2020)  Malaysia, 416 

university students 

Perceived usefulness, perceived ease of use, 

knowledge acquisition, knowledge sharing, 

knowledge application, knowledge 

protection 

Behaviour intention to use, 

actual system use 

Hoi (2020) Vietnam, 293 

university students 

Performance expectancy, effort expectancy, 

social influence, facilitating conditions 

Attitude, behavioural 

intention, use behaviour 

Aliaño et al. (2019) Spain, 370 

university students 

Performance Expectancy, Effort 

Expectancy, Social Influence, Voluntariness 

to Use, Facilitating Conditions, Self-

management of Learning, Perceived 

Gratification 

Behaviour intention 
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García et al. (2019) Spain, companies’ 

employees 

Perceived usefulness, perceived ease of use, 

Image, Subjective norm, voluntariness, job 

relevance, output quality, result 

demonstrability, self-efficacy, perceptions of 

external control, anxiety, playfulness, 

perceived enjoyment 

Behaviour intention m-

learning acceptance 

Chavoshi and Hamidi (2019) Iran, 388 university 

students 

Pedagogical, technological, social and 

individual factors, Performance expectancy, 

effort expectancy, social influence, 

facilitating conditions, perceived usefulness, 

perceived ease of use 

Behaviour intention, 

Behaviour intention to use 

 Arain et al. (2019) Pakistan, 730 

university students 

Performance expectancy, effort expectancy, 

social influence, facilitating conditions, 

hedonic motivation, habit, ubiquity, 

information quality, system quality, 

appearance quality 

Behaviour intention, 

satisfaction 

Huang et al. (2019) Taiwan, 335 

students 

Perceived usefulness, perceived flexibility 

advantage, personal innovativeness, 

perceived playfulness, self-management of 

learning, perceived fit  

M-learning continuance 

intention 

Saroia and Gao 2019 Sweden, 130 

university students 

Perceived usefulness, perceived ease of use, 

perceived mobility value, academic 

relevance, university management support 

Attitude toward usage, 

behaviour intention to use 

Almaiah et al. (2019) Jordan, 697 

university students 

Performance expectancy, effort expectancy, 

social influence, facilitating conditions, 

perceived compatibility, self-efficacy, 

perceived information quality, availability of 

resources, perceived awareness, perceived 

trust 

Behaviour intention to use, 

actual use m-learning 

Aloqaily et al. (2019) Jordan, 167 

university students 

Performance expectancy, effort expectancy, 

social influence, facilitating conditions 

Behaviour intention 

Alasmari and Zhang, (2019) Saudi Arabian, 

1203 university 

students 

Learning expectancy, effort expectancy, 

social influence, facilitating conditions, m-

learning technology characteristics, self-

management of learning, 

Behaviour intention, use 

behaviour of m-learning 

Alshurideh et al. (2019) The United Arab 

Emirates, 221 

university students 

Perceived usefulness, perceived ease of use, 

quality of the system, information quality, 

content quality, service quality 

Intention to use 

Senaratne and Samarasinghe, (2019) Sri Lanka, 151 

graduate student 

Perceived usefulness, perceived ease of use, 

mobile self-efficacy, system quality, 

intrinsic motivation 

Behaviour intention to 

adopt 

Al-Shihi et al. (2018) Oman 388, 

university students 

Social learning, flexibility learning, 

enjoyment learning, suitability learning, 

efficiency learning, economic learning 

M-learning acceptance 

Park et al. (2018) South Korean, 557 

university students’ 

Relative advantage, compatibility, 

complexity, observability, trialability, 

system quality, resistance 

M-learning acceptance 

Sharma et al. (2017) Oman 806, 

university students 

Flexibility, suitability, enjoyment, 

efficiency, economics, social 

M-learning acceptance 

Hao et al. (2017) China 292, 

university students 

Image, Subjective norm, voluntariness, 

perceived facilitation, innovativeness, 

perceived usefulness, perceived ease of use 

Behaviour intention 

Poong et al. (2017) Luang Prabang 

City, 349 university 

students 

Social influence, self-efficacy, perceived 

enjoyment, personal innovativeness, 

perceived usefulness, perceived ease of use 

Behaviour intention to use 

Altrad, (2017) Malaysia, 384 

university students 

Perceived usefulness, perceived ease of use, 

student readiness, culture factors, cost of 

service, compatibility  

Behavioural intention, use 

behaviour 

El-Ebiary et al. (2017) Malaysia, 500 

university students 

Perceived usefulness, perceived ease of use, 

service quality, culture 

Behaviour intention 
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Edwards 2017 University students Performance expectancy, effort expectancy, 

social influence, facilitating conditions, 

hedonic motivation, habit. 

Behaviour intention to use 

Tavallaee et al. 2017 Tehran, 170 

university students 

Perceived usefulness, perceived ease of use, 

compatibility, peer influence, superior’s 

influence, perceived behavioural control, 

self-efficacy, subjective norm 

Behaviour intention, actual 

behaviour 

Ali ve Arshad, 2016 Egypt students Performance expectancy, effort expectancy, 

social influence, facilitating conditions, 

mobility, interactivity, enjoyment 

Behaviour intention 

Al-Zoubi, 2016 Dubai, 395 

undergraduate and 

graduate students 

Perceived usefulness, perceived ease of use, 

service quality, student readiness, trust 

factor, compatibility 

Behaviour intention, to use 

Almaiah et al.2016 Jordan, 392 

participants 

Learning content quality, content design 

quality, interactivity, functionality, user-

interface design, accessibility, availability, 

personalization, responsiveness, perceived 

usefulness, perceived ease of use 

Behaviour intention to use 

Uğur et al. (2016) Turkey, 491 

university students 

Performance expectancy, effort expectancy, 

social influence, facilitating conditions, self-

management of learning 

Behaviour intention 

Aofan et al. (2016) China, 186 

university students 

Performance expectation, effort expectation, 

social impact, success value, perceived 

volatility, self-management 

Behaviour intention 

Yeap et al. (2016) Malaysia, 900 

university students 

Perceived usefulness, perceived ease of use, 

instructor readiness, student readiness, 

perceived self-efficacy, learning autonomy, 

subjective nom, perceived behavioural 

control 

Intention to adopt 

Mutono and Dagada, (2016) South Africa, 384 

university students 

Performance expectancy, effort expectancy, 

social influence, facilitating conditions 

Behaviour intention, 

attitude toward behaviour 

Kang et al. (2015) Korea, 305 

university students  

Performance expectancy, effort expectancy, 

social influence, facilitating conditions, 

hedonic motivation, price value, habit. 

Behaviour intention to use 

Wang et al. (2009) Taiwan, 330 

exhibitors  

Performance expectancy, effort expectancy, 

social influence, perceived playfulness, self-

management of learning 

Behaviour intention to use 

 

2.2. Mobile learning with TAM  

Various models have been developed to test users' attitudes and 

intentions to adopt new technologies or information systems. 

Among these models, TAM [18], Planned Behaviour Theory 

(TPB) (Ajzen, 1991), Innovation Diffusion Theory (IDT) (Rogers, 

1995) and UTAUT [50]. Among the different models proposed, 

TAM, an extension of Theory of Reasoned Action (TRA) 

(Fishbein and Ajzen, 1975), has been a key model in understanding 

the predictors of human behaviour towards the potential acceptance 

of technology [42]. TAM is among the most effective models in 

the information systems literature to predict the adoption and usage 

behaviour of information technologies by users. Besides, TAM 

physically groups multiple items that measure each structure. It is 

the TAM used to direct resource allocation and investment 

decisions regarding the development and adoption of new and 

emerging information technologies [19]. The TAM is a widely 

used model for predicting technology acceptance, proposed for 

estimating the acceptability of technology variables. While the 

level of belief that using certain technology will improve jobs is 

related to the perceived usefulness; perceived ease of use means 

that the accepted technology is easily understood from users or 

effortless demand [45]. 

     Although the TAM was originally conceived as a model to 

explain users' adoption of technology in business and commercial 

settings, it is further explored as an appropriate research model set 

in the educational context [42]. [36] emphasize that TAM helps to 

understand m-learning acceptance dynamics. 

Behavioural spread  

As it is known, people interact with each other in society and they 

change their behaviour to some extent according to the people they 

see with significant or similar social status. Social impact plays a 

significant role in influencing the perceptions of potential adopters 

[38]. The term 'peer group' includes a friendly group of people who 

regularly interact with each other. Interactions between friends and 

information sharing mechanisms can eventually turn into peer 

effects on each other. During the use of technology, if colleagues 

and close friends adopt a particular technology, peer pressure 

increases to do the same [49]. So, the relationship between 

behavioural spread, which is considered as a combination of social 

and peer effects, and m-learning, is stated with the following 

hypothesis: 

H1: Behavioural spread positively affects perceived usefulness 

of m-learning. 
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Self-management of learning  

Self-management of learning is expressed as the extent to which an 

individual can discipline himself and participate in autonomous 

learning [30] and the degree of engagement. The need for self-

direction or self-directed learning is obvious in the literature of 

distance education and resource-based flexible learning. Since m-

learning can be thought of as a type of e-learning via mobile 

devices, a person's level of self-learning is expected to have a 

positive effect on behavioural intention to use m-learning [53]. In 

m-learning environments, individuals must be highly self-directed 

to be successful, including tasks such as developing critical 

thinking, setting learning goals, evaluating learning resources, and 

self-assessment [1]. In this context, the following hypothesis is 

suggested in the study: 

H2: Self-management of learning positively affects perceived 

usefulness of m-learning. 

Intrinsic leisure motivation 

Intrinsic leisure motivation is a significant element based on the 

time spent, effort and pleasure derived from the process in reaching 

the determined targets. Intrinsic leisure motivation can be used 

effectively and efficiently to be clear the psychological and 

sociological factors that underlie participation in leisure activities. 

Clarification of the internal causes of leisure time behaviours of 

individuals is also expressed as an important factor for recreational 

services providers to develop their existing programs in line with 

the needs and tendencies of individuals [35]. So, it was thought 

that it would be important to include this hypothesis in the research 

for the Covid-19 pandemic process, and the following hypothesis 

was added to the study: 

H3: Intrinsic leisure motivation positively affects perceived 

usefulness of m-learning. 

Future anxiety  

Future anxiety refers to attitudes towards the future in which 

negative cognitive and emotional processes outweigh positive ones 

and fear is stronger than hope. In other words, it is the fear of 

future events and the feeling that dangerous or negative changes 

may occur in the future. It points to a distant rather than a close 

perspective, as well as a personal preoccupation with possible or 

anticipated negative changes in the future and people seem to be 

aware of this [52]. In this regard, during the Covid-19 pandemic 

process, it was thought that individuals' concerns about the future 

would come to the fore, and the hypothesis linking future anxiety 

and m-learning in the study is presented below:  

H4: Future anxiety positively affects perceived usefulness of m-

learning. 

Perceived enjoyment  

Those who like to use a system or find it pleasant will use it 

because it provides satisfaction in the use of that system without 

any effort. So, individuals who like m-learning will perceive it as 

easy to use and develop a positive attitude towards its use [25]. 

Therefore, the relationship between perceived enjoyment and m-

learning discussed in the research is shown with the following 

hypothesis: 

H5: Perceived enjoyment positively affects perceived ease of 

use of m-learning. 

Service-system quality 

System and service quality are strongly related to users' perception 

of technology. The effect of system and service quality on the 

intended use is present in mobile technologies and online social 

networks [28]. Therefore, the relationship between service-system 

quality and m-learning is shown with the following hypothesis: 

H6: Service-system quality positively affects perceived ease of 

use of m-learning. 

Perceived ease of use  

Even if potential users believe that a particular application is 

beneficial, they may find that the systems are too difficult to use 

and that the application's effort to use outweighs the performance 

benefits of its use. So, in addition to usefulness, it is theorized to be 

affected by ease of use. Perceived ease of use refers to "the degree 

to which one believes using a particular system will be effortless." 

All else being equal, it is claimed that an application perceived as 

easier to use is more likely to be accepted by the user [18]. 

H7: Perceived ease of use positively affects perceived usefulness 

of m-learning. 

Perceived usefulness  

Individuals tend to use or not use an app to the extent that they 

believe it will make it easier for them to do their job better. The 

perceived usefulness is defined as "the level of believing that using 

a certain system will increase job performance". Organizationally, 

people are often empowered for good performance with upgrades, 

promotions, bonuses and other rewards. A good system in terms of 

perceived usefulness is a system in which a user believes there is a 

positive use-performance relationship [18]. In this context, the 

following hypotheses are included in the study: 

H8: Perceived ease of use positively affects behavioural 

intention to use mobile learning. 

Behavioural intention 

Behavioural intention is expressed as "a measure of the strength of 

an individual's intention to perform a certain behaviour" and is 

seen as a significant criterion for users to accept the use behaviour 

[50]. While it is not very important how easy it is to use a system 

or how attractive the design is, it is stated that it will not be 

preferred unless it is useful [25]. In this context, the following 

hypothesis is suggested in the study: 

H9: Perceived usefulness positively affects behavioural intention to 

use m-learning. 

3. Methods  

This section introduces the questionnaire design, model constructs, 

research model and analysis.  

3.1. Questionnaire design and model constructs 

Research universe, constitute users benefiting from m-learning in 

Turkey. It is stated that a data set of at least 300 or more is good 

sample size for factor analysis [46]. In this study, college students 

in some universities in Turkey constitute the sample. 480 students 

participated in the study. The opinions of the participants regarding 

the m-learning services included in the questionnaire question form 

are given in Table 2. 

Table 2 Opinions of the participants about m-learning 

 Variables Frequency  Percentage 

What are your thoughts on m-learning after 15 I never knew 71 14.8% 
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March Stayhome? I realized I needed training  

Need to improve myself has arisen 

I decided to study because I have free 

time 

102 

246 

211 

21.3% 

51.2% 

44.0% 

How long have you been using m-learning 

services? 

Less than 1 year 233 48.5% 

1-2 years 56 11.7% 

3-4 years 72 15.0% 

5-6 years 

7 years and above 

54 

78 

11.3% 

16.3% 

 

Which trainings did you prefer while using m-

learning services? 

Self-improvement 235 48.90% 

Foreign language 254 52.90% 

Business life 134 27.91% 

Sales and marketing 106 22.10% 

Financial accounting 114 23.80% 

Business 107 22.20% 

Family, health, life 228 47.50% 

Information technology 116 24.20% 

Human resources management 88 18.30% 

Communication 126 26.30% 

Hobbies 225 46.90% 

 

The survey consists of 46 items in total. A 5-point Likert scale; 

disagree strongly - agree strongly was used to measure all of the 

scales. The behavioural spread variable was adapted from [38]; 

[49]; [47] studies. The self-management of learning was adapted 

from [53]. The future anxiety was adapted from [52], perceived 

enjoyment [20]; [25]; [38], perceived usefulness [18]; [21]; [25]; 

[47]; [12], service-system quality [28], perceived ease of use [18]; 

[21]; [47]; [12]. The behavioural intention was adapted from [53]; 

[12]; [26] (see Table 3). 

Table 3 Model constructs 

Constructs Measurement  

Behavioural spread (BS) Adapted from Poong et al. (2017); Vahdat et al. 2020; Tavallaee et al. 2017 

Self-management of learning (PE) Adapted from Wang et al. 2009 

Intrinsic leisure motivation (AU) Adapted from Mutlu, 2008; Özdemir et al. 2020 

Future anxiety (AQ) Adapted from Zaleski et al. 2019 

Perceived enjoyment (S) Adapted from Davis et al. 1992; García et al. 2019; Poong et al. 2017 

Service-system quality (ACI) Adapted from Hew et al. 2018 

Perceived ease of use 

 

Adapted from Davis,1989; Davis et al. 1989; Tavallaee et al. 2017; Al-Emran et al. 

2020 

Perceived usefulness 

 

Adapted from Davis,1989; Davis et al.1989; García et al.2019; Tavallaee et al. 

2017; Al-Emran et al. 2020  

Behavioural intention Adapted from Wang et al. 2009; Al-Emran et al. 2020; Hoi, 2020  

 

3.2. Research model and analysis 

In this study, together with the variables of TAM, the dimensions 

of intrinsic leisure motivation, future anxiety, behavioural spread 

and system-service quality in connection with the Covid-19 

pandemic process were examined as factors affecting the use of m-

learning. Accordingly, the research model was created as shown in 

Figure 1. The hypotheses that make up the research model are 

presented below. The structural equation model (SEM) used in this 

research is a statistical method that has become a standard tool for 

examining the plausibility of theoretical models that can explain 

the interrelationships between a set of variables in many scientific 

disciplines. This model stands for a series of hypotheses about how 

the variables in the analysis are produced and associated [29]. In 

this research, the LISREL program was used in structural equation 

model analysis. Confirmatory factor analysis is used first in the 

analysis of covariance structures known as the LISREL model.
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Fig. 1 Research model 

The confirmatory factor model determines which common factor 

pairs are associated and which observed variables are affected by 

which common factors. It also determines which observed 

variables are affected by a unique factor and which unique factor 

pairs are associated. In this model, statistical tests are performed to 

determine whether the data confirms the established model [32]. 

The research results are submitted in Table 4: 

 

Table 4 Opinions of the participants about m-learning 

 Items Error variances Path coefficients t-values Cronbach Alpha 

Behavioural spread (BS) BS3 0.73 0.52 5.62 ,805 

BS4 0.69 0.56 5.38 

BS5 0.34 0.81 5.84 

BS6 0.33 0.82 5.84 

BS7 0.23 0.88 5.88 

Self-management of 

learning (SL) 

SL1 0.68 0.57 6.36 ,851 

SL2 0.55 0.67 11.20 

SL3 0.35 0.81 12.52 

SL4 0.25 0.86 12.91 

SL5 0.45 0.74 11.92 

Intrinsic leisure motivation 

(ILM) 

ILM1 0.50 0.71 8.22 ,775 

ILM2 0.33 0.82 15.86 

ILM3 0.43 0.76 14.93 

ILM4 0.47 0.73 14.46 

Behavioural 

Spread 

Self-

management of 

learning 

Perceived 

Usefulness 

Behavioural 

Intention 

 

 

Intrinsic Leisure 

 

Future  

Anxiety 

Perceived 

Enjoyment 

 
Perceived  

Ease of Use 

 

Service-System 

Quality 
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KMO test is used to determine whether the sample size is sufficient 

for factor analysis. As the KMO value approaches 1, the degree of 

excellence of the data set increases [41]. In this research, according 

to the analysis result, the KMO value was found as 0.955. 

Therefore, the sample size considered in the study is quite 

sufficient. Path analysis allows dividing simple correlations 

between a set of variables according to a particular study model 

about causal relationships [33]. Moreover, the path coefficients of 

0.45 and above are considered a sufficient criterion for the study 

[17]. It is seen that the factor loadings in the analysis range 

between 0. and 0.94. However, since the factor load of the 

expressions BS1 (0.17), BS2 (0.38), ILM5 (0.17) was below 0.45, 

they were excluded from the scale. The variance, which is 

explained as an indicator that the structure of interest in the study 

has been well measured, should be above 0.50 [24]; [15]. The total 

variance (%) explained in this study is 68,232. Reliability is a 

measure that reflects the internal consistency reliability between 

the indicators of each structure, how well a set of instrument items 

selected for a particular structure measure the same structure and 

consistency in different situations. For this study, the Cronbach 

Alpha value was used to analyze whether a certain structure is 

independent of other structures [39]. A reliability coefficient of 

Cronbach's Alpha value of 70% or higher is considered an 

"acceptable" value in most social science research [7]. As a result, 

all dimensions in this study are acceptable according to the results 

of the reliability analysis. 

The SEM technique starts with the specification of the model to be 

estimated. Evaluating the goodness of fit and estimating the 

parameters of the assumed model are the primary goals. Absolute 

fit indices determine how well the model fits the sample data [29]. 

The fit indices of the research model are presented in Table 5: 

Table 5 The goodness of fit indexes and structural model of the research model 

Constructs Acceptability Criteria Values derived from the model 

x2/sd 1<x2< 5 2743.66 /980= 2,79 

RMSEA (Root Mean Square Error of Approximation) 0.05≤ RMSEA ≤0,08 0.066 

GFI (Goodness of Fit Index) GFI ≥ 0.95 0,79 

AGFI (Adjusted Goodness of Fit Index) AGFI ≥ 0,95 0,76 

NFI (Normed Fit Index) NFI≥ 0,97 0,96 

NNFI (Non-Normed Fit Index) 

CFI (Comparative Fit Index) 

RMR (Root Mean Square Residual) 

SRMR (Standardized RMR) 

NNFI≥ 0,97 

CFI≥ 0,97 

RMR ≤0.05 

0.05 < SRMR ≤0.10 

0,97 

0,97 

0,12 

0,088 

 

When Table 5 is examined, it is seen that all values are in the 

acceptable range of goodness of fit. So, it can be stated that the 

research model is generally confirmed by the data. The results of 

the research model are presented in Table 6:  

ILM5 0.62 0.61 12.26 

Future anxiety (FA) FA1 0.60 0.63 7.15 ,834 

FA2 0.57 0.66 11.72 

FA3 0.45 0.74 12.77 

FA4 0.46 0.74 12.72 

FA5 0.38 0.79 13.27 

Perceived enjoyment 

(PE) 

PE1 0.22 0.88 8.51 ,877 

PE2 0.66 0.59 14.19 

PE3 0.21 0.89 27.52 

PE4 0.28 0.85 25.2 

Service-system quality 

(SSQ) 

SSQ1 0.25 0.87 6.97 ,934 

SSQ2 0.27 0.86 25.30 

SSQ3 0.29 0.84 24.53 

SSQ4 0.33 0.82 23.40 

SSQ5 0.38 0.79 21.85 

SSQ6 0.29 0.84 24.46 

Perceived ease of use 

(PEU) 

PEU1 0.56 0.66 4.72 ,852 

PEU2 0.34 0.81 15.88 

PEU3 0.29 0.84 16.42 

Perceived usefulness 

(PU) 

PU1 0.44 0.75 8.43 ,902 

PU 2 0.33 0.82 18.72 

PU3 0.22 0.88 20.44 

PU4 0.39 0.78 17.80 

PU5 0.65 0.59 12.98 

PU6 0.30 0.84 19.22 

Behavioural intention 

(BI) 

BI1 0.17 0.91 25.77 ,909 

BI2 0.12 0.94 27.19 

BI3 0.20 0.89 24.97 

BI4 0.24 0.87 23.87 
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Table 6 Results of the research model 

Hypothesis  Causal path Standardized 

path 

coefficient 

 R2  t-

values 

H1 

H2 

H3 

H4 

H5 

H6 

H7 

H8 

H9 

BS ‣ PU 

SL ‣ PU 

ILM ‣ PU 

FA ‣ PU 

PE‣PEU 

SSQ ‣ PEU 

PEU ‣ PU 

PU ‣ BI 

PEU ‣ BI 

0,50 

0.50 

0.48 

-0.17 

0.89 

0.94 

0.70 

0.82 

0.31 

0.25 

0.25 

0.23 

0.028 

0.79 

0.88 

0.93 

0.68 

0.77 

5.17 

8,31 

8.81 

-3.25 

15.59 

16.05 

11.25 

15.94 

6.76 

 

Table 6 shows the results of the SEM analysis of the structural 

model. Perceived usefulness and perceived ease of use had a 

significant effect on m-learning behavioural intention (= 0.82, p 

<0.01; β = 0.31, p <0.01). These results support the H8 and H9 

hypotheses. Perceived ease of use has the greatest effect on m-

learning behavioural intention and explains the behavioural 

intention (R² = 0.77) by 77%. Perceived usefulness m-learning 

explains 68% of behavioural intention (R² = 0.68). Besides, 

behavioural spread and self-management of learning affect 

perceived usefulness at the same level (β = 0.50, p <0.01; β = 0.50, 

p <0.01) and explain 25% of perceived usefulness (R² = 0.25). 

Intrinsic leisure motivation (R² = 0.23) explains the perceived 

usefulness at the least 23%. Accordingly, the H1, H2 and H3 

hypotheses were also supported. The H4 hypothesis was rejected 

because of future anxiety (= 0.028, p> 0.01). Service-system 

quality and perceived enjoyment affect perceived ease of use (= 

0.94, p <0.01; β = 0.89, p <0.01). Service-system quality (R² = 

0.88) explains 88% perceived ease of use. Also, perceived 

enjoyment explains the perceived ease of use by 79%. These 

findings support the H5 and H6 hypotheses. 

4. Conclusion 

As the most important learning model of today and the future, m-

learning simplifies the adaptation of both business life staff, 

students and individuals who want to invest in themselves to 

changing and developing world conditions. M-learning is a 

learning-centred environment that enables individuals to learn, 

experience, discover and interact. Thanks to m-learning, every 

individual can find the opportunity to improve themselves 

according to their field of expertise. Making lifelong learning skills 

a routine is an indicator of the importance of m-learning. 

     A behavioural spread involves the transmission of thought to 

certain segments and thus the spread of behavioural intentions and 

purchases. In this study, it was concluded that behavioural spread 

affects perceived usefulness by considering both social impact and 

peer effect. [1];[11]; [48]; [31] show in their study that social 

influence is among the important factors of behavioural intention 

to use m-learning and affects behavioural intention. 

     [1], in their 2019 study on self-management of learning, found 

that self-management of m-learning negatively affected students' 

behavioural intention or usage behaviour. [48] found learning to 

learn as a significant predictor of behavioural intention to use m-

learning in their study. In this study, unlike the results in the 

literature, it was revealed that self-management of learning 

significantly affects the perceived usefulness. During the pandemic 

process, it is thought that the skills of individuals such as self-

management, discipline, time management, developing critical 

thinking, and determining learning goals have increased. So, in the 

future m-learning environments, individuals will be able to self-

manage at a high level to be successful. 

     There are psychological and sociological factors underlying the 

participation of individuals in leisure events during the pandemic 

process. At the heart of these factors is the internal leisure 

motivation that forms the pleasure-based element taken from the 

time, effort and process. The intrinsic leisure motivation factor, 

which includes the effective and efficient utilization of leisure 

time, affects the perceived usefulness, thus on the m-learning 

behavioural intention, as predicted in this study. 

     In this study, the future anxiety is presented with the idea that 

individuals' concerns about the future will be at the forefront 

during the pandemic process, they will maybe feel afraid of future 

events and that there may be dangerous or negative changes in the 

future. It is a surprising result that the presented future anxiety 

factor does not effect perceived usefulness, thus on m-learning 

behavioural intention. 

     [25] found that perceived enjoyment is a powerful predictor of 

perceived ease of use in m-learning. [38] show that perceived 

enjoyment directly affects behaviours of using m-learning. In this 

study, individuals who enjoy m-learning will increase their interest 

when they like m-learning environments and they will perceive it 

as easy to use and develop a positive attitude towards their 

behavioural intentions. 

     [28] concluded that system-service quality in mobile tourism 

applications has moderate effects on perceived ease of use. In this 

study, it is seen that service-system quality has a significant effect 

on m-learning behavioural intention. It was concluded that service 

providers should emphasize on the factors such as website quality, 

the usability of the system, the fulfilment of their promises, correct 

communication, ability to respond, compensatory ability, 

effectiveness, and interaction with the user. 

     [25] stated that perceived ease of use is the strongest 

determinant of perceived usefulness in m-learning. [3] stated in 

their study that ease of use may lead to developing students' 

behavioural intentions about using the m-learning application. [38] 

stated that perceived ease of use directly affects the behaviours of 

using m-learning. Besides, [38] concluded that perceived 

usefulness directly affects behaviours of using m-learning. [3] 

found that perceived usefulness improves students' behavioural 

intentions to use the m-learning application. [25] stated that 

perceived usefulness is the most important premise of behavioural 

intention and hence acceptance of m-learning. He concluded that 

perceived usefulness was a more important factor than perceived 

ease of use for determining behavioural intention, as well as acting 

as a mediator between the two structures. [39] concluded that 

perceived ease of use is the most important factor compared to the 

perceived usefulness for using m-learning. In this study, a result 

was obtained that supports the result found by [39]. 

     Mobile learning perspectives and features for mobile learning 

should be recognized and considered more by researchers and 

practitioners. By frankly defining the unique functions and 

possibilities of this rapidly changing field in educational 

technology, it is possible to influence future educational research in 

a meaningful way. 

     The consistency of all findings provides important implications 

for both research and application. This study contributed to the 

confirmation of the extended TAM model for a mobile device. For 
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the researchers, this study took an important step towards 

explaining the m-learning relationship with students' intrinsic 

leisure motivation, future anxiety, behavioural spread, and system-

service quality learning perspectives. For future research, it can be 

suggested that the subject of m-learning should be researched using 

different models and expanded with other external variables related 

to examining the model. The universe can be applied to different 

groups. Furthermore, to test these results that occur during the 

pandemic period, it may be suggested to remake the research when 

the pandemic process is over and to examine whether this trend 

towards m-learning continues with a longitudinal study. 

     Educators should develop more sophisticated m-learning 

concepts that increase motivation for students to broaden their 

learning profiles and approaches. Significantly, m-learning system 

designers pay attention to improving the systemic quality of the 

mobile learning system as it includes features such as user-

friendliness, easy accessibility and reliability. Better quality can 

only be maintained through continuous quality improvement. 

Efforts are recommended for marketing managers to adapt to 

today's mobile environment and to improve m-learning services 

usage behaviour. 
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