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The recent coronavirus disease 2019 (COVID-19) pandemic pushed almost all institutions to adopt online and virtual education. The uncertainty of this situation produced various questions that perplexed educationists regarding what implications the pandemic would have on educational institutions, especially regarding how the switch to online education would impact the behavior and performance of students. The vast importance of this matter attracted the attention of researchers and served as the motivation for this research, which aims to resolve this confusion by studying the use of mobile learning (ML) among students for educational purposes during the COVID-19 period. This study also examines how this situation has affected student learning behavior (LB) and performance (SP) in the higher education setting. This research is based on collaborative learning theory, sociocultural learning theory, and ML theory. This quantitative research employed the convenient sampling technique to collect data through structured questionnaires distributed to 396 students of higher education institutions who carry a mobile device. This study used descriptive and inferential statistics to make the data more meaningful. Structural equation modeling (SEM) with AMOS software was used for hypothesis testing. The results showed that ML was a significant and positive predictor of SP and LB. Moreover, student LB partially mediated the relationship between ML and SP. The findings suggest that the academic performance of students can be enhanced by building a ML environment that aligns with the LB of students. Nevertheless, content suitable for ML must be developed, and future research should be conducted on this topic.
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INTRODUCTION

Many countries decided to close their educational institutions to reduce the spread of coronavirus disease 2019 (COVID-19) (Naciri et al., 2020). Although such closures were inevitable (Czerniewicz, 2020), they have threatened the future of students (Usak et al., 2020), as “this disruption of education could leave the children at risk of child labor, early marriage, exploitation, and recruitment into armed forces” (Baytiyeh, 2018). However, fortunately, due to the Internet, the world was already equipped with digital textbooks, digital libraries, interactive games, social media, electronic devices, and robotics that can be used for learning outside of the classroom. Mobile devices with Internet connectivity, such as smartphones, personal digital assistants, iPads, and tablets, have already drastically transformed many aspects of life and revolutionized the education industry. Therefore, the only solution seemed to be a complete shift from classroom learning to mobile learning (ML) at all academic levels. As such, this innovative learning methodology (Liguori and Winkler, 2020) became very popular and vital (Toquero, 2020; Alghazi et al., 2021), as it could help the students to decrease their study gap by serving as a substitute learning methodology during COVID-19 (Naciri et al., 2020). This change also opened several new avenues for teaching.

According to the literature, ML has been accepted as an efficient teaching and learning system (Kabir and Kadage, 2017), most notably because it enables the education process to be carried out at anytime from anywhere (Bidin and Ziden, 2013) with anyone. Students can access up-to-date materials via ML, which promotes collaboration and strengthens their engagement. Also, since mobile devices are easy to carry, it is easy for their owners to stay connected and obtain a broad range of educational and information sources at all times (Ismail et al., 2016).

Moreover, some evidence shows that school closures can produce significant losses in educational achievement, particularly for disadvantaged students (Eyles et al., 2020). Such evidence evoked fear that ML may not be as effective as face-to-face education. The purpose of this study was to resolve the contradiction regarding the workability or ineffectiveness of ML by investigating its effects on student learning behavior (LB) and student performance (SP) in higher education settings at a time when many governments have already announced emergency policies and suspended face-to-face classes due to the closures of educational center while promoting ML (Thomas and Cathy, 2020).

The researchers believe that if ML can change and improve LB, it will surely add to SP (Means et al., 2000). In the United States, the Department of Education conducted a meta-analysis comparing virtual learning with face-to-face learning. The analysis clearly indicated that the mean effect was a 24% higher SD for ML. This study also examines the fact that ML is not merely an alternative for use in the emergency situation caused by COVID-19. It may also be an effective means of delivering education under normal conditions, as it can augment face-to-face learning. Nevertheless, there is growing concern that ML will cause SP to decrease.

It has also been observed that ML can change the LB of students. If such observations are accurate, then ML can be implemented to enhance or reduce SP. However, to the best of the knowledge of researchers, no study has examined the relationships of ML with LB, and SP has not yet been checked. Thus, there is an urgent need to study these relationships to remove the confusion surrounding ML, which seems to have become a standard part of learning.



THEORETICAL BACKGROUND

Many theories of learning have been developed over the 2,500 years between Confucius’ time and the present day; almost all of them have been predicated on the assumption that learning occurs in a school classroom and is mediated by a trained teacher. This research is based on three theories. The first is ML theory; at present, ML involves much more than accessing learning content on mobile devices. Also, learners move from place to place, build or join groups and communities, and use robust personal technologies. Mobile devices and M-technologies ease interactions within an innovative context. Thus, ML makes use of shared technologies (Westera, 2011).

The second theory central to this study is Vygotsky’s (1978) sociocultural theory of human learning, which describes learning as a social process and that the origin of human intelligence is society or culture. The central theme of sociocultural is that social interactions play a fundamental role in the development of cognition. It further expounds that learning primarily occurs through interpersonal interactions and intrapersonal communication. That is, learners influence other learners via social interactions, and new ideas are generated by group and community discussions and by accepting the arguments of others.

The third theory that this research considers is collaborative learning theory. This theory says that collaborative learning is subject to the vigorous involvement, contribution, and reflective and insightful engagement of learners in ML, group contexts, group members, peer-to-peer communication, knowledge sharing, and help solving problems within a group. It accelerates interactions and facilitates participation among learners (Sarrab et al., 2013). In a collaborative learning setting, learners can converse with their peers, present and defend ideas, exchange diverse beliefs, and question other conceptual frameworks, all of which foster active engagement (Srinivas, 2011).



HYPOTHESES DEVELOPMENT


Mobile Learning and Student Performance

Hashim et al. (2011) defined SP as the degree to which students are confident that M-technology usage is beneficial and suitable for education purposes by making it convenient for students to learn in diverse locations (Alqahtani and Mohammad, 2015). SP can be appraised by observing their activities and academic actions (e.g., whether their level of learning will be of higher quality, their subject understanding has expanded, planned learning outcomes are accomplished, learning through m-Apps is enjoyable, peer collaboration is enhanced, productivity is improved, and positive attitudes are displayed) (MacCallum and Jeffrey, 2009).

Mobile learning is perceived and defined differently by different people but most include terms such as “mobile technology,” “ubiquitous,” “mobility,” “individualism,” and “e-learning” (Keskin and Metcalf, 2011). ML can be defined as the learning or sharing of information via mobile devices that do not require the presence of learners at a predetermined location. A literature review shows that research on distance education (including online education) has been conducted in South Asian countries. Although a few indirect studies on ML have been carried out, it remains unclear how ML enhances LB and SP, especially in the COVID-19 period, during which almost all students have shifted to ML. ML has changed the lifestyles, thinking habits, learning abilities, and LB of learners. ML also provides significant advantages within direct and indirect education modalities (Hao et al., 2017). Mobile devices have refuted the concept that learning can take place only in the classroom by providing teachers and students with learning materials regardless of time and location (Jaradat, 2014). It seems that, in this way, ML will lead to better SP, hence the first hypothesis of this study:

H1: ML has a positive effect on the learning performance of students.

Furthermore, a dimensional study of the effect of ML on SP was needed because this research aimed to provide in-depth knowledge of this relationship. ML has three dimensions: learning mobility (LMO), learning self-efficacy (LSE), and learning motivation (LMT). ML influences the motivation, collaboration, information sharing, interactivity, and mobility of learners (Khaddage et al., 2009). Directly connected devices undoubtedly change LB and SP. ML allows students to instantly respond to questions posed by their fellow learners, friends, relatives, and instructors by utilizing their time efficiently to improve performance (Shorfuzzaman and Alhussein, 2016). Moreover, students can interact, communicate, and explore new information, which immensely increases their cognitive ability. As technology becomes more ubiquitous, the true effect of ML on mobility will continue to be observed and experienced.

H1a: Learning mobility has a positive effect on the learning performance of students.

Bandura (1997) described academic LSE as the belief of individuals that they can accomplish what is required of them per the educational task or achieve a clear educational goal. Li et al. (2018a) stated that LSE comprises confidence, technology experiences, the difficulty of using technology, and sources of confidence. The LSE of an individual is related to their smartphone usage and habits, computer literacy, Internet literacy, expertise, and self-confidence (Razzaq et al., 2018). Pajares (2002) argued that LSE in higher education “influences the choices students make and the course of action they pursue.” Therefore, it is a pivotal contributor to SP (Tsai, 2012). ML self-efficacy provides a way for learners to increase their participation, engagement, and self-confidence; hence, it has a positive effect on SP (Yukseloglua and Karaguven, 2013).

H1b: LSE has a positive effect on the learning performance of students.

Motivation is essential for engaging learners, promoting learning effectiveness (Malone and Lepper, 1987), and involving and sustaining mobile device use for ML. Motivation fosters interaction and excellent performance among students [collaborative LB (CLB)]. Motivation is based on the changes in the learning style of the student. The student can seek, gather, and share information at any location at any time with anyone [social LB (SLB)]. Motivation fosters collaboration and interaction among learners (Kilis, 2013), and highly motivated learners can effortlessly organize their learning tasks when using ML. Strong motivation is essential to comprehend a subject (via rehearsal and self-regulation), excellent learning, and attain the best performance (Li et al., 2018b).

H1c: Learning motivation has a positive effect on the learning performance of students.



Mobile Learning and Student Learning Behavior

Mobile learning affects learners through information seeking, information gathering, information sharing, coordination, and collaboration. The availability of information and learning has become much broader due to technological developments. Teachers and learners have become more professional, better critical thinkers and problem-solvers, and more creative and knowledgeable. In addition, the attitudes and behaviors of students are changing from their use of mobile technology. Specifically, literacy, numerical skills, and recognition of their abilities of learners have improved. Such changes have increased the self-esteem and self-confidence of learners and encouraged independent learning.

Learning anything at anytime from anywhere reflects the autonomy of learners (i.e., student-centered personalized learning) (Traxler, 2005), person-to-person (peer-to-peer, collaborative), cooperative, and communicative interactions, motivation to learn (LMT), immediacy and flexibility, convenience, accessibility, and cost-effectiveness (Valk et al., 2010). ML has transformed this generation of students into digitally literate learners who are socially connected to others in immediate and experimental learning environments. ML has significantly impacted the achievements, self-regulation [personalized LB (PLB)] (Zare Bidaki et al., 2013), and conversational skills of students (Elfeky and Masadeh, 2016). It has also led to significantly increased interactivity in large blended classes while helping learners become more behaviorally, intellectually, and emotionally engaged in learning activities (Wang et al., 2009). According to the above discussion of the extant literature, the following hypothesis is proposed:

H2: ML has a positive effect on the LB of students.



Student Learning Behavior and Student Performance

Learners engage in various activities and perform various LBs in ML settings, and the use of ML (apps) affects LB (Alqahtani and Mohammad, 2015) through the acquisition of skills and knowledge on mobile devices at any time, from anywhere (Behera, 2013). LBs are the activities associated with the process of learning, for example, communication (SLB), interaction (CLB), self-motivation (PLB), and satisfaction with education (Dillon et al., 2007). LBs associated with ML are habitually used in social network-based learning (Koole, 2014) (SLB) and in virtual learning communities in cooperative-collaborative online settings (Yang et al., 2015). Thus, ML enhances the propensity of the learner to become involved in personalized self-directed, self-regulated learning. ML aids the growth of the vital 21st-century skills of learners, including collaboration and communication, critical thinking and problem-solving, digital literacy, and creativity.

H3: Student LB has a positive effect on SP.

Mobile learners achieve social learning through social networks and online communities, engage in peer-to-peer collaborative learning, find answers from the Internet, submit assignments through email, and organize their work using technology, thus performing personalized learning tasks. Learners can share information and collaborate with their peers. LB is comprised of PLB, CLB, and SLB. In PLB, students manage their learning via self-regulation while monitoring their thoughts and acting to achieve set objectives. However, gaining a thorough understanding of this relationship is one of the objectives of this research; therefore, a dimensional study of LB on SP was carried out.

Personalized LB manifests in self-direction, self-empowerment, and preparedness for learning. Meanwhile, cocreating tailored learning is customized to the needs, interests, and strengths of learners while the learners regulate what, how, when, where, and with whom they will learn. The learners also create the content and complete assignments with their peers (Nilsson, 2016). While the self-control of learners is theoretically appealing, its impact is consistent in empirical studies (Admiraal et al., 2018).

H3a: Personalized LB has a positive effect on SP.

The second dimension, i.e., collaborative learning, is when students intentionally work to accomplish common goals (Pellas et al., 2013). It is “a situation in which two or more people learn or attempt to learn something together” (Cruz-Flores and López-Morteo, 2008). The learning performance of students improves from social interactions with their fellow students (Kreijns et al., 2003). M-technologies enhance the independence and courage of learners that they can collaborate with others when learning (Wang and Wu, 2008; Al-Rahmi et al., 2015). M-technologies also support the notion that cooperative learning is an active pedagogy that fosters academic achievement. CLB involves intricate descriptions, getting and giving assistance, negotiating, accepting contrasting viewpoints, helping mobile learners act productively in groups, and affecting the academic performance of learners. Collaborative learning results in higher levels of achievement and productivity. CLB provides learners with additional responsibility and control over their learning outcomes in addition to encouraging teamwork, improving interpersonal competence, and enhancing performance (del Barco et al., 2017).

H3b: Collaborative LB has a positive effect on SP.

Social LB can be referred to as an alteration in knowing beyond one person that occurs inside broad social groups, social units, or communities via social interactions between individuals in social networks (Reed et al., 2010). Schwen and Hara (2003) stated that social learning takes place when students with joint interests form groups, share ideas, and find solutions. Social learning is crucial at several levels, predominantly when a network helps a learner to create bonds with other learners within broad social communities. Belonging to a community of fellow learners and peers (network of support) motivates learners to attend the lessons and class contribution in the community system.

Concerning the relationship between SLB and SP, studies over recent decades show that social competence and academic achievement are interrelated, not discrete (Wentzel, 1991a,b, 1993; Caprara et al., 2000; Welsh et al., 2001). Similarly, the number of researches examining the impact of social learning on students (performance) has increased. Zins et al. (2004) concluded that social learning affects the summative achievement and performance of students. Hence, this study aimed to determine how learners improve their performance by applying SLB within an ML perspective. Hence, we posit the following hypothesis:

H3c: Social LB has a positive effect on SP.



Meditating Role of Student Learning Behavior

Social LB can be referred to as an alteration in knowing beyond one person and occurs inside widespread social groups, social units, or communities through social interactions within social networks (Reed et al., 2010). Communities of fellow learners and peers (network of support) motivate attendance for lessons and class contributions. According to the self-regulated learning theory, learning strategies and motivation directly influence learning outcomes. If the improvement in LB is attributed to ML, then LB will have affect SP. In this case, it can be said that academic involvement is achieved through the social affiliations among learners (Tinto, 1994), thus leading to the following hypothesis:

H4: Student LB mediates the relationship between ML and SP.

The conceptual framework is given in Figure 1.


[image: image]

FIGURE 1. Conceptual framework.





MATERIALS AND METHODS

This quantitative research was carried out in the educational sector, more specifically, at higher education institutions in Faisalabad and Islamabad. Its main objective was to study the effects of online education on the behavior and performance of students among university students who took online classes during the COVID-19 lockdown. These students were selected because almost all university students own either a mobile device or laptop which they use for their independent educational use. Most college students in developing countries do not own their mobile devices and depend on their parents (especially their fathers) to supply these devices. Therefore, they can use mobile devices for educational purposes only when their fathers are at home with them. Per the objectives of this research, it can be conducted only on university students who were free to use mobile devices for their education at their convenience.

This cross-sectional study employed a predictive non-experimental survey design. Data were collected through self-administered questionnaires, with items rated on a 7-point Likert scale. The painstaking efforts were made to collect data from students attending different higher educational institutions to ensure that the sample is truly representative of the study population. Hatcher (1994) suggests that the number of participants should be approximately 10 times the number of measurements used in an structural equation modeling (SEM) analysis. Since the survey used in this study contained 41 items, the suitable sample size is 410. A convenience sampling technique was used to determine the sample. After the preliminary screening of the survey questionnaires, and following Malhotra (2010), 396 out of 430 questionnaires were selected for the analysis. Thirty-four questionnaires were discarded because they seemed to be carelessly, incorrectly, or incompletely filled out. The data were first entered in the SPSS data sheet and then tested for multivariate assumptions.


Sample Profile

The sample of 396 students comprised 51% (202) men and 49% (194) women. Also, 64.9% (257) were full-time students, and 35.1% (139) were part-time students. Of the participants, 64.89% (257) used mobile devices for their online studies, whereas 35.10% (139) used laptops for this purpose. Regarding age, 63.3% (250) aged 18–22 years, 31.8% (126) aged 23–27 years, and 5.05% (20) aged 28 years and above.



Measurements

The survey questionnaire consisted of 45 items, comprising four demographic items, namely, gender, age, studentship category, and mobile device ownership, as all of these were the important antecedents of ML (Qureshi et al., 2002). The rest of the variables were measured via adopted scales with confirmed reliability and validity. The LB construct was measured using an adapted Motivated Strategies for Learning Questionnaire (MSLQ) by Kukulska-Hulme and Traxler (2007), which has three dimensions. The first dimension is CLB (six items); a sample item is “I was able to develop problem-solving skills through peer collaboration.” The second dimension is SLB (six items); a sample item is “My learning by using Social Media (WhatsApp, Facebook, Twitter, YouTube, …) makes learning easy.” The third dimension is PLB (16 items), which had four subdimensions: critical thinking (PCT; 5 items) (e.g., “I re-read my course/study material as starting point and try to develop my own ideas about it”), rehearsal (PR; 5 items) (e.g., “I study by reading prescribed study material/my notes over and over again”), self-regulation (PS; 4 items) (e.g., “When I was confused making notes at first, I made sure I sorted it out afterwards”), and organization (PO; 4 items) (e.g., “To study, I reviewed my notes and made an outline of important concepts”). SP comprised five items adapted from Robin Lee Denalson (Robbins et al., 2004). A sample item was “Using mobile learning improved my study efficiency.” The ML construct was measured using items adapted from Venkatesh et al. (2003), comprising three dimensions. The first dimension is LMO (eight items); a sample item is “M-learning would help increase access to learning and education.” The second dimension is LSE (five items); a sample item is “I can skillfully use m-learning for my education.” The third dimension is LMT (five items); a sample item is “I am excited to use m-learning.”



Data Analysis

After the data were collected, the data preparation process started (Malhotra, 2010), during which filled questionnaires were checked and coded. The four assumptions of SEM were fulfilled (i.e., normality, reliability, multicollinearity, and common method bias). In this study, kurtosis and skewness values were checked to verify the normality of the data; all values were within the normal range (Table 1).


TABLE 1. Skewness, kurtosis, and factor loading.

[image: Table 1]
Reliability was also ensured, as all Cronbach’s alpha values were above 0.70. Specifically, the Cronbach’s alpha values are given in Table 2.


TABLE 2. Reliability statistics.

[image: Table 2]
Furthermore, Harman’s single-factor test was used to test common method bias; this test exhibited only 29.1% of the whole variance, verifying that common method bias was not an issue. Also, the assumption of multicollinearity was met, as the variance inflation factor (VIF) values ranged from 1.3 to 2.0; thus, none exceeded the acceptable threshold value of 3.0. An SEM technique (applied using AMOS software) was utilized for a two-step data analysis approach recommended by Anderson and Gerbing (1988), involving a first-order confirmatory factor analysis (CFA) and a second-order CFA while applying SEM.

As part of the specification search, CFA was conducted with 10 first-order latent variables and 49 observed variables. A maximum likelihood estimation was used to assess the model. The first-order CFA was carried out to obtain factor loadings (FLs), squared multiple correlation (SMC) range, average variance extracted (AVE), and Cronbach’s alpha values so that any factors that might lead to poor model fit could be removed. All items were checked to determine whether their FL, AVE, or Cronbach’s alpha values were below the accepted values. The FLs of all items were within the acceptable range, so no items were removed (Table 1).

In the second-order CFA, ML, and LB were modeled as higher-order reflective constructs, while SP was modeled as a first-order construct. Furthermore, we used reliability, convergent validity, and discriminant validity as part of a measurement model analysis. The AVE values of all the first-order constructs exceeded the required threshold of 0.50, confirming the convergent validity of the first-order constructs. All FLs were significant and above the recommended thresholds, thus providing evidence of convergent validity. Three methods were used to establish discriminant validity. First, the square root of AVE was compared with the square of inter-construct correlation coefficients. The results showed that the correlation CI values of all the constructs were less than 1.00, meaning that all constructs were considerably different from one another. Thus, these results confirmed that the discriminant validity was achieved (Table 3).


TABLE 3. Discriminant validity.

[image: Table 3]
The measurement items had strong and significant FLs (FL ≥ 0.50), further evidencing their discriminant validity (Figure 2). The initial measurement model fit statistics were slightly below the recommended values; thus, the discriminate validity model was respecified. It is recommended to perform one modification at a time. This process is repeated until the fit indices recommended for the model are attained. Then, newly formulated modified indices were examined. The modification indices indicated the findings regarding adjustments to χ2 once high correlation was reported among error terms, which further suggests a structural path analysis. An investigation of standardized residuals is essential for adjusting a model after the compulsory removal of fundamental FL appropriateness and the standardized residual (which is problematic) > 2.58.
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FIGURE 2. First-order-factor-analysis of all variables.


An assessment of the modified measurement model showed that the model fits well with the improved values of all required indices (Table 4).


TABLE 4. Initial measurement, final measurement, and structural models.

[image: Table 4]
The suggested ranges of reliability indices were reported while analyzing the measurement model: specifically, the alpha values ranged from 0.658 to 0.758 as per the internal reliability of measures. However, composite reliability (CR) ranged from 0.746 to 0.896, thus exceeding the acceptable values. The AVEs of the individual variables were evaluated to measure validity while measuring convergent validity. The values of the SMCs for all individual items were within the range of 0.766–0.785. Standardized second-order FL (Figure 3) excluded two values (i.e., SP4 0.65 and SP5 0.62). The values of all remaining items exceeded the recommended range (i.e., they were greater than 0.70). The AVE values of these items also exceeded the acceptable value (0.50), ranging from 0.538 to 0.633 for all variables. It was required that the maximum shared variance (MS) value of an item should be greater than its AVE value. The discriminant validity measurements revealed that the square roots of the AVEs of all measured variables were less than their corresponding MS values (Table 5).
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FIGURE 3. Measurement model specification.



TABLE 5. All dimensions of the study convergent and discriminant validity.
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Structural Model and Hypotheses Testing

After assessing the measurements of model fit, the structural model fit was evaluated to examine the theorized relationships between all endogenous and exogenous variables.

The structural model encompasses three variables comprising 11 indicators that were structured based on the theoretical/conceptual model proposed by Hayes. The model contains one exogenous variable (ML), one endogenous variable (SP), and one mediating variable (LB).

The structural model had a good fit, as all indices were above the acceptable lower-limit values (Table 4). The outcomes were attained after a covariance path was added until fit indices reached the appropriate values. No paths corresponding to parameter estimates needed to be eliminated. The acceptable threshold level for the structural model is given within the model, and all four hypotheses were supported, confirming the proposed directions of significant effects. The results also showed that the overall model explained 65% (R2 = 0.65, p < 0.01) of the variance in SP (Figure 4). In section “Results,” the researcher explicates the hypothesis tests concerning the hypothesized associations between the variables of interest in this theoretical research model.


[image: image]

FIGURE 4. Path analysis.





RESULTS

The ML has a highly significant positive relationship with SP (0.87, p < 0.01). Hence, H1 (i.e., ML is positively related to SP) is accepted. Similarly, the results showed that ML caused 91% of the change in LB. Therefore, ML had a highly significant and positive relationship with LB, thus supporting H2. Furthermore, the results showed that 67% of the variance in SP was due to LB. Thus, LB was significantly and positively related to SP (Table 6).


TABLE 6. Standardized regression weights (direct effects).
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Dimensional Analysis

A dimensional analysis of ML with the dimensions of SP was performed to evaluate the effects of these dimensions.

Based on the results, all hypotheses from H1a to H1c were accepted. All the individual dimensions (i.e., LMO, SE, and LMT) had significant and positive relationships with SP, as they explained 22, 25, and 36% of the variance in SP, respectively (Table 7 and Figure 5).


TABLE 7. Dimensional analysis of mobile learning (ML) with student performance (SP).
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FIGURE 5. Dimensional analysis of ML with SP.


Moreover, the dimensional analysis of LB with SP was also performed, and all hypotheses from H2a to H2c were accepted based on the results. Each dimension (i.e., PLB, CLB, and SLB) had a significant positive association with SP, explaining 25, 21, and 41% of the variance in SP, respectively (Table 8 and Figure 6).


TABLE 8. Dimensional analysis of learning behavior (LB) with SP.
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FIGURE 6. Dimensional analysis of LP with SP.




Mediation Analyses

Mediation analyses were performed with AMOS-24 by utilizing a bootstrapping technique. AMOS is designed to simultaneously estimate direct, indirect, and mediation effects (Figure 7). The significance value (which was two-tailed by bootstrapping) simultaneously showed the significance levels of the indirect, direct, and total effects. Only the standardized effect was measured for examination using AMOS. The γ value of the direct effect was equated with the γ value of the total effect to gauge the increase and decrease in the total effect.


[image: image]

FIGURE 7. Mediation analysis.


The findings of the direct effect of ML → SP indicate that 0.74% variation in SP occurred due to ML; once LB was inserted in the path between ML and SP, the effect on SP was 31%. Based on this result, LB significantly but partially mediated the relationship between ML and SP as the association between ML and SP was reduced. Nonetheless, the relationship remained significant, and the bootstrapping two-tailed significance value was less than 0.05, which confirmed that the indirect effect in the research model was significant and that partial mediation existed. Therefore, H4 is accepted (Table 9).


TABLE 9. Standardized direct, indirect, and total effects.

[image: Table 9]



DISCUSSION

The findings revealed that the learning performance of students can be enhanced by improving their LB in the present age in which novel and modern interactive, multimedia enriched, collaborative education methods are required. All hypotheses presented in this study were accepted. The SEM findings (H1) revealed that students who have had to learn via ML in the emergency situation caused by the COVID-19 pandemic obtained good outcomes, sometimes improving on their pre-COVID performance. Therefore, it can be said that the ML-based solution to the stoppage of face-to-face education has been viable. Based on the benefits that have been attained from ML in enhancing SP (either directly or indirectly), universities should strive to provide ML so that students can further develop their ML behaviors. The efforts of universities in this direction seem to have been fruitful and should be continued in the form of blended learning when COVID-19 lockdown ends. The findings presented in this study support the notion that implementing ML at higher education institutions allows students to improve their LB from anywhere at any time with anyone, thus validating the theory of learning in the mobile age (Sharples et al., 2016).

Furthermore, we attempted to fill the gap identified by Li et al. (2019) by performing the dimensional analyses of the relationships between ML and LB and between LB and SP. The findings revealed that H1a conforms to the findings of Sharples et al. (2016), which showed that LMO increases the outcomes of students. This is mainly because students who are mobile and can freely learn whenever it is convenient for them (and learn with any device and in any way with tutors, peers, or large social communities) exhibit improvements in their academic performance. The results substantiate the theory of learning in the mobile age, which emphasizes the role of the mobility of learners in improving student outcomes.

The findings related to H1b conform to the findings of Tsai (2012), indicating that LSE enhances SP. This finding also supports the findings of Robbins et al. (2004), Liang and Tsai (2008), and Tsai (2012), as it shows that LSE enhances SP. The findings of this study also corroborate the findings of Chemers et al. (2001), who showed that LSE enhances SP. These results support the Unified Theory of Acceptance and the usage of the technology acceptance model of the technology, which is based on the theory of reasoned action (Ajzen and Fishbein, 1975).

Similarly, the findings related to H1c revealed that motivated students perform better than other students in ML. This suggests that frequent ML users perform better than other students. Moreover, students who skillfully and productively engage in ML are likely to enthusiastically recommend it to others so they can also improve their academic performance. These findings align with those of other researchers (Malone and Lepper, 1987; Li et al., 2018b) who showed that strong motivation was required to obtain outstanding academic performance. The findings are also in line with the claim of the self-regulated learning theory that learning strategy and motivation directly impact learning outcomes.

The findings related to H2 specified that ML enhances LB by fostering organized studying in small groups and large communities. This fact might make learners more engaged, thus improving their results. This finding conforms to the findings of Shorfuzzaman and Alhussein (2016) that mobile devices improve the LB of students by encouraging them to use their time efficiently. The findings related to H3 revealed that LB enhances SP, specifically, after improving their LB, students tend to exercise self-regulation when studying with their peers and social groups; they also obtain more academic achievements due to their personalized, social, and collaborative efforts.

Furthermore, the findings of the dimensional analysis for H3a indicated that PLB enhances SP, thus filling the gap identified by Li et al. (2019). Students who are good critical thinkers, rehearse their lessons, are more self-regulated in their studies, and can schedule their studies effectively show better academic performance than other students due to their more effective LB. In other words, they know what to study, when to study, and how to study within the ML context. These findings align with the theory of planned behavior, which emphasizes the fact that self-regulated, organizational behavior improves the outcomes of students.

The findings for H3b indicated that CLB enhanced SP, which supports previous findings (Al-Rahmi et al., 2015). Engaging in peer-to-peer learning and exchanging ideas in group settings foster new skills, knowledge, and problem-solving skills, thereby enhancing academic performance through CLB. These findings are in accordance with the collaborative learning theory as described previously (Sarrab et al., 2013). This theory states that CLB improves learning outcomes by accelerating interactions, facilitating participation among learners in groups, improving peer-to-peer communication, promoting knowledge-sharing, and improving problem-solving in groups within an ML context.

The findings of this study verify the claim of social constructivists that ML theory is a vigorous process of acquiring skills and enhancing knowledge through group learning. The findings for H3c support the social learning theory, which links behaviorist learning theories and cognitive learning theories as it encompasses memory, motivation, and attention. This theory claims that learners do not learn in isolation; instead, they learn from the behavioral, cognitive, and environmental effects of their interactions with others.

The findings also verify the social constructivist approach to ML, according to which learning is the process of acquiring skills and enhancing knowledge within a community. The results also indicate that students were able to improve their grades if they felt that ML enhanced their problem-solving skills, comprehension of learning resources, and discovery of knowledge by learning in online communities through social media. These findings support the results reported by Kreijns et al. (2003).

Finally, the findings for H4 revealed that ML is a strong predictor of SP. This relationship can be intensified by adding LB as a mediating factor because it increases critical thinking, self-regulation, organization, and peer-to-peer and community learning.



CONCLUSION AND IMPLICATIONS

This study applied a new perspective for predicting SP and makes three major contributions to the literature. First of all, it complements the ML literature and provides new insights by evaluating the individual impacts of LMT, self-efficacy, and mobility, as well as their combined effect as a composite ML variable. New realities arose, such as the finding that the internal motivation of learners can be harnessed to improve LB and, in turn, the academic performance of students. Second, the results revealed that the freedom to learn from anywhere at any time with anyone enables students with personal soft skills to improve their LB by fostering their growth as independent learners and thinkers. Third, this study does not only investigate the mediated impact of LB but also thoroughly studies the dimensional effect of MLB on SP as well as LB on SP. In this way, this study contributes to behavioral learning theories by integrating the theory of collaborative learning, sociocultural theory, and the theory of learning in the mobile age; uncovering the value of ML; and revealing the necessity of ML environments and facilitation by institutions to improve SP. These findings can be utilized for face-to-face and distance learning education by virtual universities that are anxious to educate the millennial generation, which is accustomed to spending time on mobile devices. These findings also highlight the importance of creative teachers who can adapt to changing mobile technologies to improve their skills.

Furthermore, policymakers should consider that ML motivates digital natives and implement policies for installing Information and Communication Technology (ICT) and mobile technologies according to the psychology of students. This information highlights that higher education institutions can best fulfill their vital roles when they offer a better ICT and ML setting that empowers educators by helping them become creative and innovative learners who will lead the students to success within the university and beyond.

The COVID-19 pandemic has forced educational institutions to shift from offline to online instruction by adopting modern technology. Online teaching and learning were considered the panacea for the crisis caused by school closures after the outbreak of COVID-19. The new circumstances appeared to increase the importance of ML, which has now become an inevitable part of the lives of students. Moreover, this catastrophe has shown us several previously unknown benefits of online teaching and learning. It seems, however, that the traditional methods of teaching and learning have become less effective as new technologies continue to emerge and develop (Zare Bidaki et al., 2013). With the help of online teaching modes, teachers can instruct many students from any part of the world at any time.

The inevitability of ML has shown that even in the coming post-COVID period, e-learning should be used alongside traditional methods to foster academic efficiency and effectiveness. In this mobile age, all educational institutions need to consider using different online teaching methods and determining how these methods can be used most effectively. However, the findings of this research pose certain challenges that may hinder ML adoption and that educational institutions need to address through policy revisions. These challenges may be associated with the lack of digital skills of both teachers and learners, the lack of interactivity and motivation of learners, the lack of social and cognitive presence of teachers, the lack of human interaction between teachers and students, and the lack of communication among the students. One more important challenge may be related to current academic evaluation methods, as learning is spreading across multiple new settings. Therefore, the methods used to define and evaluate effective learning need to be reconsidered.

This study has some limitations. For one, this study was cross-sectional, and future studies should employ longitudinal or time lag designs to better investigate causal relationships. Moreover, the study population comprised university students only. Other categories of students (e.g., primary school students and college students) should be included in future research. Moreover, different learning outcomes of ML, such as student satisfaction and student engagement, should be investigated. Also, specific dispositional factors such as student/teacher personality, availability of financial resources, working status, and gender should be used as moderators by future researchers to more thoroughly explain this mode of learning. Future research should also be conducted on students in remote or low living areas in developing and underdeveloped countries because these students face many physical and non-physical constraints, including the unavailability of personal mobile devices, electricity shutdowns, the unavailability of the Internet, and poverty.
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Serial no. Item Description Skewness  Kurtosis Factor

loading
1 LMO1 Using m-learning would likely help me accomplish my studies at a time that is convenient for me. —0.483 —0.768 0.669
2 LMO2 Using m-learning would likely help me perform my studies any place. —0.662 —0.593 0.620
3 LMO3  Using m-learning would provide me convenience in performing my studies. —0.599 —0.367 0.659
4 LMO4 -learning would help increase access to learning and education. —0.941 0.328 0.691
5 LMO5 Using mobile devices for learning enhances my personalized learning behavior. —0.624 —-0.174 0.724
6 LMO6 Using m-learning makes it possible to get real-time learning. —0.489 —0.526 0.785
7 LMO7 Using m-learning foster more collaboration in learning. —0.631 —0.038 0.785
8 LMO8 Using m-learning foster more social interaction in learning. —0.581 —0.472 0.812
1 SE1 would likely complete a learning task using a mobile device because | think | am very good at using —0.506 —0.823 0.622
my mobile devices.
2 SE2 Using m-learning | would likely feel a sense of pride. —0.472 —0.608 0.643
3 SE3 Using m-learning | would likely feel a sense of ownership. —0.292 —0.751 0.720
4 SE4 While using m-learning | would likely talk up the use of m-learning. —0.533 —-0.347 0.640
5 SE5 can skillfully use m-learning for my education. —0.880 —0.036 0.738
1 LMT1 intend to use m-learning in my academic life. —0.565 —0.558 0.654
2 LMT2 am excited to use m-learning. —0.683 —0.296 0.697
3 LMT3 would enjoy using m-learning. —0.511 —0.037 0.717
4 LMT4 am interested to use m-learning frequently. —0.608 —0.499 0.835
5 LMT5 would enthusiastically recommend that others use m-learning. —0.571 —0.321 0.766
1 PCTH often questioned things | watched (Video), heard (Audio), or read (Text) in the course to see if | —-0.411 -0.572 0.624
ound them Convincing.
PCT2 reread my course/study material as starting point and try to develop my own ideas about it. —0.594 —0.429 0.725
PCT3 Whenever | watched (Video), heard (Audio), or read (Text) an assertion or conclusion in a course, | —0.561 -0.122 0.757
hought about possible alternatives.
1 PR study by reading recommended/prescribed study material/my notes over and over again. —0.538 —-0.379 0.798
2 PR2 make list of important items for every course and memorize the list. —0.643 —0.367 0.607
3 PR3 memorize key words to remind me of important concepts from every course. —0.730 0177 0.688
1 PS ask myself questions based on my notes and other study materials to be sure | understood the —0.484 —0.447 0.610
material | was studying in every course.
2 PS2 tried to change the way | studied in order to fit the course requirements and Instructor’s teaching —-0.502 —0.462 0.719
style and expectations.
3 PS3 When studying for a course | try to determine which concepts | did not understand well. —0.620 —0.290 0.720
4 PS4 When | was confused making notes at the first hand, | made sure | sorted it out afterward. —0.660 -0.010 0.641
1 PO1 | make simple charts, diagrams, or tables using mobile devices to organize course material. —0.451 —0.740 0.715
2 PO2 To study, | reviewed my notes and made an outline of important concepts. —0.687 —0.256 0.655
3 PO3 To study, | went through my notes to find the most important ideas. —0.590 -0.579 0.740
4 PO4 When | study the readings for a course, | outline the material to help me organize my thoughts. —0.789 0.018 0.780
1 CLB1 obile learning changed my habit of studying alone. —0.401 —0.991 0.765
2 cLB2 actively exchange my ideas with group members/class fellows. —0.598 —0.505 0.737
3 CLB3 was able to develop new skills and knowledge from other members in my group/class fellows. —0.650 —-0.316 0.777
4 CLB4 was able to develop problem solving skills through peer collaboration. —0.521 —0.480 0.745
5 CLB5 Collaborative learning in my group is effective. —0.672 —0.321 0.650
6 CLB6 Collaborative learning improves my academic performance. —0.701 —0.341 0.700
1 SLB1 y learning by using/through Social Media (WhatsApp, Facebook, Twitter, YouTube. . .) makes —0.526 —0.661 0.736
earning easy.
2 SLB2 y learning by using/through Social Media (WhatsApp, Facebook, Twitter, YouTube. . .) favors —0.606 —0.369 0.747
problem solving/improves problem solving skills.
3 SLB3 y learning by using/through Social Media (WhatsApp, Facebook, Twitter, YouTube. . .) clarifies the -0.823 0.178 0.782
earning resource.
4 SLB4 My learning by using/through Social Media (WhatsApp, Facebook, Twitter, YouTube. . . —0.790 0.024 0.633
avors/makes learning sharing faster.
5 SLB5 ly learning by using/through Social Media (WhatsApp, Facebook, Twitter, YouTube. . . —0.681 -0.327 0.607
avors/discovery of information and new knowledge useful for learning.
6 SLB6 obile learning improved my social learning ability/behavior. —-0.715 —-0.377 0.649
1 SP1 Using mobile learning improved my study efficiency. —-0.752 —0.407 0.763
2 ohe Using mobile learning enhanced my learning productivity. —0.720 —0.090 0.831
3 SP3 By using m-learning | do my assignments and tests more skillfully. —0.567 —0.484 0.790
4 SP4 By using m-learning my GPA improved. —0.565 —0.533 0.607
5 SP5 By using m-learning | achieved better grades as compared to other students. —0.656 —0.543 0.688

ML, mobile learning; LMO, learning mobility; LMT, learning motivation; SE, self-efficacy; LB, student learning behavior; PLB, personalized learning behavior; SLB, social
learning behavior; CLB, collaborative learning behavior; SP. student performance; PCT, critical thinking; PS, self-requlation; PO, organization; PR, rehearsal.





