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Abstract

:

With the rapid spread of COVID-19 worldwide, governments of all countries declared the closure of educational institutions to control its transmission. As a result, institutions were under pressure to offer online education opportunities so that students could continue their education without interruption. The unintended, hasty and unknown duration of the strategy encountered challenges at all pedagogical levels, especially for students who felt stressed out by this abrupt shift, resulting in the decline of their academic performance. Hence, it is necessary to comprehend the approach that might improve students’ involvement and performance in online learning. In this context, the current study used four models to understand the phenomenon: the Task Technology Fit (TTF), the DeLone and McLean Model of Information Systems Success (DMISM), the Technology-to-Performance Chain model (TPC) and the Technology Acceptance Model (TAM). The data for this study were obtained from 404 university students from the top ten universities of Pakistan. The results analyzed using structural equation modeling (SEM) show that learner characteristics positively predict performance through user satisfaction and task technology fit mediating function. Moreover, learner characteristics were also observed to have a significant positive influence on the academic performance of the students, with the mediating functions of user satisfaction and actual usage of the system. Likewise, perceived learning moderated the relationship between learner characteristics and user satisfaction. This research work provides policymakers with a profound framework that emphasizes how employing online learning technologies can strengthen the academic potential of students.
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1. Introduction


The World Health Organization on 11th of March 2020 announced COVID-19 as a worldwide pandemic. According to UNESCO, 186 countries enforced the nationwide shutdown of educational institutions by the end of April 2020, affecting 73.8 % of all enrolled students [1]. Although the only way to control the spread of COVID-19 was by breaking down the transmission chain by implementing lockdowns and maintaining social distancing, closing institutions has impacted many students. In February 2020, Pakistan also announced a national emergency and closed down the whole country since the situation had deteriorated due to a rise in the number of COVID-19 cases in a number of cities.



Consequently, COVID-19 has been a stimulant for instructive establishments worldwide to search for innovative measures in a comparatively short time span. For the sake of maintaining educational activities, the majority of institutes had to switch to online learning. However, concerns about e-learning suitability, development, and efficacy remain uncertain, particularly in developing nations such as Pakistan, where technological barriers such as system compatibility and internet bandwidth accessibility pose substantial obstacles. In this research, we try to figure out what students think about online learning, what they prefer, and their insight and inclination towards web-based learning by conducting a survey in private and public universities in Punjab, Pakistan. During this period, the majority of educational institutions have moved to online mode utilizing Blackboard, Microsoft Teams, Zoom, Moodle, Skype, and numerous other technologies.



When it comes to learner motivation, contentment, and engagement, the online learning atmosphere is entirely different from the conventional classroom settings [2]. One study [3] contended that there was no noteworthy distinction between internet learning and in-person classroom sessions considering student satisfaction level. They also agreed that online classes could be just as beneficial as traditional classes if properly organized. The literature above indicates that, when properly designed and managed, online learning may be a viable alternative to traditional face-to-face classroom-based education [4].



Online learning necessitates continuous access to digital technologies. In a study conducted just before the outbreak of COVID-19, Ref. [5] observed the digital divide between urban and rural regions. In addition, students in remote regions often lack adequate access to information and communication technology, and they find it challenging to attend online learning sessions from the comfort of their own homes [6]. As a result of these various challenges, the students’ academic performance dropped considerably, and their grades suffered greatly. Furthermore, the rapid transition from traditional face-to-face classroom learning to online learning created a slew of challenges for institutions, students, and instructors. The most immediate concerns were providing high-quality education, integrating the quality processes required for online learning, and adapting to new technologies. Before we can establish the components that could improve student satisfaction and performance in online learning, we must first comprehend the basic principles of e-learning and the various factors of e-learning.



E-learning is a system that uses the internet to deliver instruction to students via laptops, cellphones, desktop computers, tablets, and other devices. Many governments are working to advance technology in education systems [7] because of its benefits, which include saving time, facilitating mutual communications, intensifying learning performance, providing the most up-to-date and accurate information, reducing costs, encouraging variable space options, and reducing spatial and time-specific issues associated with physical learning [8,9,10]. On the basis of these benefits, it is evident that online learning has been beneficial to students, educators, and other staff members during the COVID-19 pandemic. Many researchers have worked to define various theoretical ideas and construct various models in the field of information systems in order to predict and analyze individuals’ behavior to various technologies. Some of the important models observed in the literature in correspondence to information systems are the Theory of Reasoned Action (TRA) [11], Theory of Planned Behavior (TPB) [12], Technology Acceptance Model (TAM) [13], DeLone and McLean Model of Information Systems Success (DMISM) [14,15], Task Technology Fit model (TTF) [16] and Unified Theory of Acceptance and Use of Technology (UTAUT) model [17].



Therefore, the variables of these models have been derived from numerous online study research studies to describe online learning and its different frameworks. Despite the fact that researchers have attempted to investigate the relationship between online learning and various variables, there are still some gaps in the literature that need to be filled, such as the fact that only a few studies have looked into the relationship between learner characteristics and online learning performance impacts [18,19,20]. In addition, researchers could not identify extensive processes that may influence the performance of learners in online learning. Some other gaps associated with the variables utilized in online learning frameworks have also been discovered. Moreover, disparate findings have been reported on the association between user satisfaction, actual system usage, and performance effect. Studies have found that there are no significant associations between user satisfaction, actual usage and performance [21,22], but on the other hand, there are studies in favor of this relationship [23,24,25]. This paradox also allows users to analyze the importance or insignificance of the user satisfaction impact on actual system usage and performance. Moreover, there has rarely been a discussion of the role of mediators and moderators in online education models. For instance, the significance of human characteristics such as perceived learning or perceived usefulness as mediators and moderators has been hardly addressed. Consequently, some study questions have been formulated after evaluating the problems of the online learning system during COVID-19 and the gaps found in the prior literature. These include the following: (a) in what way can task technology fit (i.e., academic activities of students that are compliant with the relevant online learning system) affect learner characteristics and user satisfaction, contributing to high student performance in the time of COVID-19? Similarly, (b) how does actual system usage (i.e., the time period and frequency with which students utilize online learning systems) influence learner characteristics and user satisfaction, contributing to high student performance in COVID-19? (c) Can the perceived learning of online education enhance students’ satisfaction concerning the learner’s characteristics?



This study has been designed to examine the moderated mediation mechanism and evaluate the integration of the task technology fit theoretical model, technology to performance chain model, technology acceptance model and information system success model. The framework was designed to analyze the effect of learner characteristics on performance impact via the mediating role of user satisfaction and task technology fit in serial, as well as via the mediating influence of user satisfaction and actual usage of the system in serial. Likewise, the link between learner characteristics, user satisfaction, and perceived learning has been utilized as a moderating variable. This research focuses on the following research objectives: (1) to check whether perceived learning moderates the learner characteristics’ impact on user satisfaction. (2) To identify whether learner characteristics positively predict user satisfaction. (3) To determine whether the mediating effect of user satisfaction exists between learner characteristics and task technology fit. (4) To investigate whether learner characteristics positively predict performance impact via the serial mediating impact of user satisfaction and task technology fit. (5) To explore whether learner characteristics positively predict actual usage through the mediating variable of user satisfaction. (6) To examine whether learner characteristics positively predict performance impact through the mediating effect of user satisfaction and actual usage in series. As a result, a research framework has been established based on combining the DeLone and McLean Model of Information Systems Success (DMISM), the Task Technology Fit Model (TTF), The Technology-to-Performance Chain model (TPC) and the Technology Acceptance Model (TAM). The TTF model focuses on the task technology fit construct and its link to performance effect but ignores the correlation with the learner characteristics, user satisfaction, and actual usage constructs. The TPC model suggests that individual characteristics, task characteristics and technology characteristics influence task technology fit, which in turn affects performance. The TTF constructs are overlooked by DMISM, which stresses overall quality, user satisfaction, actual usage, and usage performance effect components. Therefore, considering the above literature, six variables were chosen to establish an online learning model. In this model, ‘learner characteristics’ is an independent variable; user satisfaction, actual usage, task technology fit, and performance impact are dependent variables. Perceived learning was used as a moderator for the relationship between learner characteristics and user satisfaction. Hence, learner characteristics were adopted from the TPC model, user satisfaction, and actual usage variables were taken from the DMISM model, and the task technology fit construct was taken from the TTF model, while the performance impact variable was shared by both models.



Learner characteristics are defined as an individual’s systematic strategy and the means by which the learners’ process information, regarded as a measuring tool for learning [26]. In the context of this research, learner characteristics are referred to as the accumulation of expertise and learning procedures used by the learner to manage the online learning activities proficiently and productively to elevate their satisfaction level with the online courses. It comprises self-efficacy motivation and self-regulated learning. Motivation is referred to the inner strength that compels an individual to perform an act or head toward a particular goal [27]. With reference to the context of this research, student motivation refers to capability, productivity, and willingness to be involved and to learn in an online learning environment. This setting has no physical location, in which tutors and pupils are located in different places. It is usually a part of a Learning Management System (LMS) that houses various information repositories for students’ engagement with other submission and evaluation interfaces.



As per one study [28], the motivation level of the students is an important element in maintaining elevated satisfaction levels in the online learning environment. Self-regulated learning refers to learners’ potential to restrain components or circumstances that have an impact on students’ online learning [29]. In the context of this research, self-regulated learning refers to the extent to which a learner is capable of thinking out, observing, determining his aim, and progression in the course, and applying the correct timing in the distance learning environment to accomplish the assigned tasks. Self-efficacy is defined as learners’ confidence in their potential and competence level to accomplish a particular task or assignment [30]. The present research refers to students’ recognition of their potential to achieve their learning tasks and assignments that are part of their online learning courses.



According to some [25], user satisfaction is the degree to which users find the system beneficial for them and are motivated to reuse it. In the context of online learning, user satisfaction is referred to as the extent to which students in online learning discern satisfaction in their independent decisions to rely on such services and how adequately they satisfy their demands [31,32]. Task technology fit is the degree to which a specific system is regarded as significant or fit for facilitating the user to accomplish their tasks, depending on work specifications [33]. Actual usage is defined as the prevalence of technology utilization and the extent of its periodic usage [34,35,36,37,38]. According to [39,40], the performance impact is referred to as the extent to which utilizing a particular system induces escalation of work quality by helping the users to execute their specific work quickly, granting dominance over the work, escalating the performance of the job, removing errors and enhancing the job capacity. Perceived learning is described as an individual’s perception that their knowledge and comprehension has increased [41]. It is the learner’s belief and perspectives about the learning events that have taken place. Some authors [42] described perceived learning as “changes in the learner’s perceptions of skill and knowledge levels before and after the learning experience.”




2. Literature Review and Hypotheses Development


2.1. Literature Review


When it comes to online learning and teaching, certain significant variables impact learning in general. Still, others are unique to the online learning environment because they considerably impact online learners’ satisfaction and performance. A learner characteristic is one of the significant variables that impact students’ learning accomplishments, whether in traditional or online education. As more learners encounter online learning environments in public and private institutions, the requirement to recognize pedagogical environments and procedures that advocate for online learning incitement and assimilation of learner characteristics is increasing. One study [43] observed that 75% of learners and 72% of teachers were deprived of the expertise required to use ICT-dependent learning elements because of inadequate skills and understanding of computer and internet-based programs, and this can cause the unsuccessful implementation of e-learning. According to some [44], learners’ computer expertise and time management skills are significant in an online learning environment and it is presumed that these components are consequential in online classes. In e-learning contexts, self-regulatory time management capabilities elicit improved performance, and learners’ ability to construct the real learning environment leads to effectiveness. Learners must pursue considerate support from fellow learners and instructors via emails, live chats and online meetings to attain maximum benefits [45]. Research work by [46] revealed that family life, work life, inadequate time and study load compelled learners to retract from online courses. A learner’s perspective toward online learning can lead to its success, and these influence behavioral intentions, which generally cause perseverance in the online learning environment. According to [47], the learners’ perspective relevant to e-learning is one of the success elements for the learning environment. Many scholars have contributed to web-based learning content in the past few years. Ref. [48] stated that advanced education foundations and governments strive to introduce web-based learning throughout the world. Ref. [49] referenced their model as being critical to making e-learning more powerful and comprehending its prosperity. The outcomes clarified that the grit of e-learning positively affected individual performance and satisfaction, aside from these studies. Ref. [50] posited that technology characteristics and task characteristics of massive open online courses positively estimate task technology fit. Moreover, perceived relatedness, perceived competence and social reputation substantially estimate learner’s behavioral intention. Ref. [51] proposed that enforcing an e-government may be a great challenge because of the low utilization in China. Another significant component of this research is perceived learning, which is a moderator between learner characteristics and user satisfaction variables. According to [52], the most dominant factors of online courses on students’ satisfaction and perceived learning in social sciences were course design and learning content. A research study by [53] observed that elements such as student motivation, interaction in the classroom, facilitation, instructor knowledge and course structure significantly positively impact learners’ perceived learning outcome and satisfaction. Furthermore, Ref. [54] analyzed that learner content interaction was the most effective and most important predictor of learner satisfaction, while online learning self-efficacy was the most effective and most important predictor of perceived learning.




2.2. Hypotheses Development


2.2.1. Learner Characteristics, User Satisfaction, Task Technology Fit and Actual Usage


Various researchers have examined the role of learner characteristics in online learning [55,56,57,58]. In the context of this research, learner characteristics comprise self-efficacy, motivation and self-regulated learning. Moreover, user satisfaction is considered an important element in acquiring new technology and a significant component in IS practices [59,60] (DeLone and McLean, 2016; Montesdioca and Maçada, 2014). Researchers have observed that learner characteristics notably affect user satisfaction in online learning [52,58,61]. Ref. [62] analyzed that learner characteristics positively affect user satisfaction. The current study highlights that the greater the learner characteristics of the students in the online learning system, the higher the satisfaction level of students in using online learning technologies, and the more they will assist in completing the online learning assignments of the students [63,64]. Therefore, it is deduced that:



Hypothesis 1 (H1). 

Learner characteristics positively predict user satisfaction.





When examining technology utilization in organizations, task technology fit is regarded as a particularly important factor [65]. Several types of research have been conducted to investigate the correlation between task technology fit and user satisfaction. These researchers observed that these two constructs have a substantial direct relationship [20,40,65,66,67,68,69,70,71]. Thus, it is inferred in this study that user satisfaction positively affects task technology fit because the more satisfied students are with the quality of technology used in online education, the more likely they are to estimate the technology to be eminently suitable for completing their online academic activities.



Hence it is proposed that:



Hypothesis 2 (H2). 

User satisfaction positively predicts task technology fit.





The concept of technology utilization by users is another important factor in technology-oriented studies. Much research has been done to investigate the link between user satisfaction and actual system usage. It has been determined that user satisfaction has a strong positive relationship with actual system usage [71]. Moreover, the average time spent using technology rises because of a higher level of user satisfaction [70]. The essential component of this proposition is user satisfaction, as the actual use of the system will rise if the user is satisfied with the system. So, the following hypothesis is proposed:



Hypothesis 3 (H3). 

User satisfaction is a strong determinant of actual system usage.






2.2.2. Task Technology Fit, Actual Usage and Performance Impact


Numerous studies have analyzed the positive association between task technology fit and factors such as performance and user satisfaction [20,40,65,66,67,68,69,70]. According to [72], task technology fit plays the role of a mediator amid performance impact and technological factors. With the continuous progress of technology and the inclusion of numerous new systems, the primary focus is on the technological system’s use outcome in terms of user performance enhancement to evaluate the system’s efficiency and productivity [60,73,74].



The performance effect in this study relates to the extent to which online learning affects student performance in terms of resource preservation, proficiency, competence, and knowledge growth [75]. Many researchers have statistically examined the relationship between task technology fit and performance impact, revealing that task technology fit predicts performance impact favorably [20,24,40,65,67,68,69,70,76]. In fact, it is evaluated that the performance of students in terms of efficiency and productivity has been improved by the task technology fit [77].



As a result, the following hypothesis is proposed:



Hypothesis 4 (H4). 

Task technology fit predicts performance impact favorably.





Another important component in the context of technology utilization is the relationship between actual system usage and performance impact [17,78,79,80], and several studies have attempted to close the gap by focusing on the relationship between actual usage and performance impact [40,81]. In a quantitative study, [71] determined that the actual use of a system substantially influences performance. Nevertheless, research based on information systems has found that actual usage of the system improves performance [32,65,81,82,83,84,85]. This correlation indicates that the more frequently the students use the online system to complete their academic work, the higher their academic achievement will be.



So, based on these facts, it is postulated that:



Hypothesis 5 (H5). 

Actual system use significantly predicts performance impact.






2.2.3. Mediating Role of User Satisfaction


According to the research mentioned above, learner characteristics predict user satisfaction [58,86], and user satisfaction has a strong positive influence on task technology fit [19]. As a consequence, it is proposed that learner characteristics impact task technology fit through user satisfaction. Furthermore, as evidenced by the literature cited above, user satisfaction increases the length of technological system use [87] and user satisfaction is significantly affected by learner characteristics [63,64]. Therefore, we consider the following hypotheses:



Hypothesis 6 (H6). 

Learner characteristics positively predict task technology fit through user satisfaction.





Hypothesis 7 (H7). 

Learner characteristics predict actual usage of the system through user satisfaction.






2.2.4. Sequential Mediations User Satisfaction, Task Technology Fit and Actual Usage


Since it has been seen as the level of learner characteristics increases, the satisfaction level of students also increases, which significantly affects task technology fit in the sequence. User satisfaction and task technology fit are the two most important factors in this hypothesis. However, there has been evidence of a correlation between task technology fit and performance impact [24]. The relationship between task technology fit and performance effect was studied empirically, revealing that task technology fit predicts performance impact considerably [24]. In fact, task technology fit improves students’ productivity and performance [88], and this technology fit meets the requirements when the user is highly satisfied, as indicated by [89] as a consequence of a higher level of learner characteristics.



Therefore, it is hypothesized that:



Hypothesis 8 (H8). 

Learner characteristics predict performance impact positively through user satisfaction and task technology fit in the sequence.





It has been identified that a greater level of learner characteristics leads to increased student satisfaction, which in turn improves actual system utilization indirectly through user satisfaction. The keys to this hypothesis are user satisfaction and actual usage of the system [75]. However, the literature also suggests that the performance can be influenced by actual usage [65], and the actual utilization of the system is determined by user satisfaction [75]. This user satisfaction is considerably influenced by the learner characteristics of online learners [62]. Therefore, learner characteristics evidently have a significant impact on performance via user satisfaction and actual system usage.



So, it is hypothesized that,



Hypothesis 9 (H9). 

Learner characteristics significantly predict performance impact through user satisfaction and actual usage of the system in the sequence.






2.2.5. The Moderating Role of Perceived Learning


Perceived learning is regarded as a significant measure of learning and is one of the fundamental components of course assessment [90]. Perceived learning of students and student satisfaction jointly can depict a more clear apprehension of the success of online learning [91]. Ref. [92] recommended a strong association between students’ overall perceived learning and students’ online learning satisfaction. A similar strong association was demonstrated by others [93,94]. Ref. [95] narrated that an instant output of a productive learning experience is a contented student, and observed that the student-perceived learning consequence is an acceptable predictor of student satisfaction in online learning. Ref. [58] observed that the output of perceived learning added to student satisfaction and positively impacted it in the online environment. Therefore, it can be hypothesized that.



Hypothesis 10 (H10). 

Perceived learning moderates the relationship between learner characteristics and user satisfaction.





All these hypotheses have been depicted in Figure 1.






3. Methodology


3.1. Research Design


In the present study, a multivariate analysis statistical technique named ‘Structural Equation Modeling’ (SEM) was employed to determine the structural correlations and practically examine the recommended hypotheses, with the help of Analysis of Moment Structures (AMOS®) 24 utility. It comprises two elements: the first one is Confirmatory Factor Analysis (CFA)—employed to estimate the measurement model amidst the observed and latent variables, and the second is Path Analysis (PA)—needed to adjust the structural model along with the latent variables. This two-stage methodology confirms that the structural model employs only those constructs that have an acceptable measure. A goodness-of-fit index was estimated amidst the sample data and the theoretical model in SEM. So as to estimate the measurement and the structural model fitness, three distinct measures were employed: Goodness of Fit Index (GFI), relative Chi-square ratio over the degree of freedom (χ2/DF), and Root Mean Square Error Approximation (RMSEA).




3.2. Sample and Procedure


The study’s population consisted of Pakistani students from the top 10 public and private institutions in Punjab, according to HEC rankings. When they participated in the study, the students were between the ages of 20 and 40. They were enrolled in the institution’s bachelor’s, master’s, and doctorate programs, as well as any additional diploma courses. The data from the students were obtained via quota sampling because the target population lacked a sample frame. Data were obtained via handing out a self-administered questionnaire in physical copy, as well as emailing surveys to students across universities and posting them on the official Facebook sites of the participating universities. The study was conducted from October 2021 to Jan 2022, with students taking online classes through online platforms such as Microsoft Teams and Zoom. The students were given a total of 1000 questionnaires. A total of 416 of the 1000 questionnaires received responses, and 404 were chosen for further research, with 12 responses being rejected owing to insufficient or incorrect data. As a result, the data collection yielded a 40.40% valuable response rate. The survey’s first part dealt with demographics, as shown in Table 1.



In addition, the Common Process Variance (CMV) was performed rationally, as suggested by [96]. CMV can be caused by the complexity of the scale items, the respondents’ inability to consider the research subject, double-barreled items, the respondents’ inexperience in evaluating the research issue, the respondent’s low involvement in the topic, the placement of the scale items, the respondent’s disposition to provide extreme responses, and so on.



CMV can be administered in two aspects: one by using procedural remedies, and the other by using numerous statistical techniques. Researchers use methodological remedies in the beginning stages of questionnaire design to prevent CMV. Harman’s single-factor test, also known as Harman’s one-factor test, is the most extensively used of these techniques [97]. Using this method, all 40 items in the sample were subjugated to a single exploratory factor analysis, yielding an unrotated factor analysis accounting for only 23.5% of the total. Subsequently, the CMV results affirmed that the sample data did not contain any CMV inclination.




3.3. Measurement Scale


Previously developed measurement scales were employed in order to collect data for the present research, as is exhibited in Appendix A. Each scale item was measured using a seven-point Likert scale (1—Strongly Disagree and 7—Strongly Agree). The scale for Learner characteristics was adopted from [63,98]. It has 18 items and a reported Cronbach alpha of 0.965 alpha value. The sample item is “In an online class, I prefer assignments and questions that really challenge me so that I can learn new things”. User Satisfaction has 3 items taken from [48]. The alpha value for this scale is 0.915. A Sample item is “My decision to use online learning was a wise one”. Task Technology was adopted from [75]. It has 3 items with a reported alpha value of 0.911, and the sample item is “Online learning fits with the way I like to learn and study.” Actual Usage was acquired from [19], has 2 items, and the alpha value for this scale is 0.818. The sample item is “on average, how much time do you spend per week using online learning?” Performance Impact was adopted from [48]. This scale has an alpha value of 0.959 with 10 items, and the sample item is “Online learning helps me accomplish my tasks more quickly”. Perceived Learning was taken from [92]. This scale has 4 items, and the sample item is “Overall, the online course met my learning expectations”, while it has an alpha value of 0.956. The overall summary of all the items has been reported in Table 2.





4. Data Analysis and Results


A popular statistical tool (AMOS), Analysis of a Moment Structure software, was used for data analysis in this research. AMOS software is a statistical bundle that has a novel system for performing Structural Equation Modeling (SEM), has an easy-to-use GUI, presents a distinct research model for the students, develops diagrams of high quality for publication, and its calculated numeric values are the most appropriate ones.



4.1. Descriptive Analysis


The measurements obtained for descriptive analysis of the model variables are displayed in Table 3. LC (Learner Characteristics) had a mean value of 4.83 and a standard deviation value of 1.42; for US (User Satisfaction), the value of 4.75 was obtained as the mean and 1.41 was obtained as the standard deviation value. Moreover, for PL (Perceived Learning), the mean value was 4.81 and for standard deviation, the value was 1.28. TTF (Task Technology Fit) was seen to have a mean value of 4.75 and a standard deviation value of 1.41. The value of the mean computed for AU (Actual Usage) was 4.67 and the value of the standard deviation computed was 1.48. In the end, the mean value computed for PI (Performance Impact) was 4.78 and the computed value for standard deviation was 1.78. It means that the coefficient of variation (CV = Mean/Std Dev) is not too high, and the data are not very scattered, which indicates the authenticity of the responses.



The estimated results of skewness exhibited that the data were normally distributed. For kurtosis, the calculated values were less than 10 and the calculated skewness values were found in the range of −1.0 to +1.0, which recommended significant ranges for determining normality.




4.2. Measurement Model


A measurement model illustrates precise or suggested models that link the latent variable and their respective indicators. It is also recognized as path analysis. The technique utilized to validate a conceptual measurement model is Confirmatory Factor Analysis (CFA). It denotes an interconnection between the observed variables or indicators and unobserved/ latent variables. The measurement model was assessed with the help of construct reliability and validity. Therefore, to estimate the validity in relevance to the six measures shown in Figure 2, CFA was conducted by examining the factor composition of variables.



In this study, SEM was used since it is a very efficient approach, and there is no other procedure that can give us more precise estimations of those parameters, assuming multivariate normal data. This research has employed the maximum likelihood (ML) estimation method that asserts that if every item loads on its associated factors, then the uni-dimensionality prevails for the constructs, which depicts the validity. In Figure 2, the measurement model is exhibited; Table 4 shows the estimates of composite reliability for the scale reliability, and CFA results are also shown there.



4.2.1. Model Fit


Model fit in CFA describes how closely the observed data enhance the associations mentioned in the hypothesized model. A model with a good fit is satisfactorily consistent with the data, i.e., to estimate whether the model notably fits in correspondence with the data or not. So, the goodness-of-fit of the model in relation to data was assessed by using different tests. So, depending on the goodness-of-fit indices determined, there is an indication of the acceptance of the model.



A Chi-squared (χ2) test was performed that assesses the association of the theoretical model in relation to empirical data. However, Chi-square is not being used for evaluating the model fitness as it relies upon the size of the sample. For evaluating the model fitness, the CMIN/DF ratio was computed, where ratio of less than two denotes a well-fitted model, an acceptable fit ratio will have a value of three to five, and a ratio greater than five represents an unacceptable value. The model observed in this study has a normed Chi-square (χ2/DF) value = (1179.531/542) = 2.176 (<3.00) that specifies a satisfactory fit. The Goodness-of-fit index (GFI ≤ 1) computes the measure of variance composed of the evaluated population covariance [3]. It is not connected with a null hypothesis, but we can generalize by evaluating 1-νresidual/νtotal. A perfect fit is considered if the value obtained is one. However, the value of GFI considerably increases when the sample size increases. GFI > 0.95 is regarded as a good fit and if the value of GFI < 0.65, it is considered an acceptable fit. The value of GFI determined for the current research model is GFI = 0.860, which indicates that the model fit is acceptable. RMSEA is the most fundamental element in covariance structure modeling. When the value obtained for RMSEA is <0.05, it is assessed as a good fit, and if the range of the value is between 0.08 to 0.10, it specifies as an average fit, and if the value is above 0.10, a poor fit is depicted. In this study, RMSEA = 0.054 and standardized RMR = 0.0312, which significantly denotes the constructs’ uni-dimensionality.




4.2.2. Reliability of the Variables


In the research context, reliability represents the degree to which the research methods produce definite and consistent results. Cronbach’s alpha value ranges between zero and one; the greater its value, the greater the internal reliability. In Appendix C, Cronbach’s alpha values relevant to the measures are enlisted, showing that they are higher than the threshold value of 0.70, which specifies convenient reliability for the measures employed in this current study [99].




4.2.3. Construct Validity


Validity is specified as “the durability or suitability of a test or apparatus in evaluating what it is intended to measure” [100]. In this research, construct validity was deduced after the recognition of discriminant validity, face validity, and convergent validity. The assessment items were procured from earlier studies, which led to the approval of the face validity. Further convergent validity is the magnitude with which a measure is positively associated with other measures of the relevant construct. The Average Variance Extracted (AVE) and indicator reliability was used to determine and evaluate convergent validity.



In order to assess the reliability of the indicators, factor loading was used. A construct with a high loading indicates that the associated indicators appear to have a lot in common, as indicated by the construct [101]. When factor loadings are above 0.50, they are estimated as highly essential values [102]. It was determined that all of the items were significant (p < 0.001), and the loadings for all the items observed were higher than the recommended value of 0.5, as exhibited in Appendix B, which specifies that items used in the model have fulfilled all the requirements. Moreover, it was specified that all AVE values were above the proposed value of 0.50 [102]. Therefore, convergent validity has been significantly attained for all constructs, and adequate convergent validity is presented in Table 4.



Furthermore, discriminant validity refers to the degree to which items distinguish across constructs or assess discrete ideas for the measuring model, and was justified with the help of three measures, namely cross-loadings, Fornell-Larcker and the heterotrait–monotrait ratio (HTMT). The discriminant validity was determined with the help of the Fornell-Larcker method. The outputs of this method were displayed in Table 4, where the values on the diagonals denote the square root of the AVEs, and these calculated values are greater than the correlation between the constructs (relative row and column values). This signifies that the constructs are strongly related to their respective indicators compared to other constructs in the model [100,103] that show a convenient discriminant validity [104]. Moreover, the correlation between exogenous constructs is estimated to be below 0.85 [105]. Hence, it can be said that discriminant validity is achieved for all the constructs that exist in the model.



The Fornell-Larcker criteria, on the other hand, has been criticized by researchers. According to [88] Hensler et al. (2015), Fornell-Larcker, in an ordinary research context, is unsuccessful in clearly explaining the unavailability of discriminant validity. So, a different technique, the heterotrait–monotrait ratio (HTMT) of correlations, was recommended depending on the multitrait–multimethod matrix. In the current study, HTMT was used to estimate discriminant validity. If the HTMT value is more than 0.90, i.e., HTMT0.90, or 0.85, i.e., HTMT0.85, then in these situations, there is a problem with discriminant validity. As exhibited in Table 5, all the estimated values were smaller than the recommended value of 0.85, which signifies that discriminant validity is achieved.





4.3. Structural Model Assessment


In SEM analysis, the structural equation model is the second-most essential procedure. This model may be presented once the measurement model has been validated by describing the association between the variables. As a result, the structural model depicts the relationship between the variables, illustrating the connectivity between constructs and presenting detailed aspects of the correlation between exogenous variables and important endogenous variables. The structural model’s results allow us to assess how effectively the theory is supported by empirical data and help us determine if the theory is empirically validated [102]. The goodness-of-fit value calculated for the structural model was correlated to the goodness-of-fit value of the CFA measurement model. In the structural model presented, the χ2/df = 2.741, CFI = 0.945, and RMSEA = 0.066. These fit indices described the verification of adequate fit among the conceptual model and the observed data.




4.4. Path Analysis and Hypothesis Testing


In order to determine the direction as well as the indirect influence of the exogenous variable, path analysis was executed. A path diagram in Figure 3 depicts the conceptual association among the constructs formulated on the outcomes from prior studies. LC represents an exogenous variable and US, AU, TTF and PL represent endogenous variables.



Bootstrapping methodology was employed for evaluating the indirect effects in the structural models by computing the beta (β) values, R2, and the relevant t-values. The p-value, however, was employed to evaluate the existence of the effect [106].



The estimation of the structural model describes the hypothesis tests as exhibited in Figure 3 and Table 6. Test results verified the six hypotheses formulated for this research work. Therefore, it is very obvious that learner characteristics positively estimate user satisfaction. So, H1 is accepted with (β = 0.239, p < 0.05). In the same way, user satisfaction positively estimates task technology fit, and the test results advocate this hypothesis; hence, H2 is accepted (β = 0.715, p < 0.05), as exhibited in Table 6. Besides, user satisfaction positively estimates actual system usage, and the test outcomes validate this hypothesis (β = 0.373, p < 0.05), which is exhibited in Table 6; therefore, H3 is acknowledged. Since task technology fit was found to influence performance impact significantly, H4 was also approved (β = 0.262, p < 0.05). According to H5, actual usage of the system positively estimates performance impact, and the outcome of the test advocates for this, as can be observed in Table 6; so, H5 is also accepted (β = 0.201 and p < 0.05).



In order to determine the effectiveness of mediating effects, the Variance Examined For (VAF) value was utilized. It is considered complete mediation if the VAF value is greater than 80%, a value lying between 20% to 80% is considered partial mediation, and no mediation exists when the value is less than 20% [102]. The study results presented in Table 7 depict the presence of partial mediation effects in the model. As stated in H6, learner characteristics positively estimate task technology fit via the mediation effect of user satisfaction possessing indirect effects (a × b) (β = 0.171) and (c) direct effects as (β = 0.278), denoting the presence of partial mediation. Mediation tests as described above were carried out in order to test H7 and as per the results, (a × b) (β = 0.089) were calculated as indirect effects and (c) (β = 0.250) as direct effects, indicating the existence of partial mediation. So, H7 is validated, and therefore, it can be inferred that learner characteristics certainly estimate the actual usage of the system via user satisfaction as a partial mediator.



Similar tests, as mentioned above, were performed for the mediation test of H8. It was determined that learner characteristics strongly estimate performance impact via the partial mediating effect of user satisfaction and task technology fit in the series and (a × b) (β = 0.045) denote indirect effects and (c) (β = 0.16) denote direct effects. For validating H9, similar mediation tests as mentioned before were carried out and (a × b) (β = 0.018) was examined as indirect effects and (c) (β = 0.012) was examined as direct effects. Thus, H5a is authenticated, so learner characteristics positively estimate performance impact via user satisfaction and the actual usage of the system, where they act as partial mediators.



For validating H10, which narrates that the perceived learning behaves as a moderator in the correlation between learner characteristics and user satisfaction, Hayes Process Macro was utilized to verify the moderation effect [107]. Initially, the total direct effect of learner characteristics was evaluated on user satisfaction; the outcome depicted a consequential association influence of learner characteristics on user satisfaction (β = 0.0977; t = 2.1988; p > 0.001). In the same way, the direct influence of perceived learning as a moderator on user satisfaction was evaluated; the output denoted a consequential association influence of perceived learning on user satisfaction (β = 0.4943; t = 10.4005; p < 0.001). Ultimately, the interaction influence of learner characteristics and perceived learning on user satisfaction was estimated and the results denoted that perceived learning has a consequential association influence on user satisfaction (β = 0.1553; t = 4.5204; p < 0.001). Considering the interaction term is essential, the moderation effect prevails in our framework. Therefore, in the interrelationship between learner characteristics and user satisfaction, as presented in Table 8, the moderation effect of perceived learning was notable. Hence, H10 was statistically confirmed and validated.





5. Discussion


In order to determine the association between learner characteristics, user satisfaction, task technology fit, actual usage, perceived learning and performance impact in top public and private universities in Pakistan, a model was developed in this study which was based on the integration between DeLone and McLean Model of Information Systems Success (DMISM), the Task Technology Fit model (TTF), the Technology-to-Performance Chain model (TPC) and the Technology Acceptance Model (TAM) model. According to this study, learner characteristics have a favorable impact on user satisfaction. This suggests that effective technology with the necessary characteristics, as well as positive learner attitudes and the possibility to obtain online learning with self-direction, all contributed to their greater degree of satisfaction. As a result, the student will feel more confident that they are making the right option by relying on and attaining online education. This conclusion is also supported by prior work, such as [52,61,63].



Similarly, user satisfaction was found to have a substantial impact on task technology fit, suggesting that user satisfaction is a key component in determining whether a new technology succeeds or fails. A prior study supports this conclusion [9]. This study also shows that learner characteristics influence task technology fit through a mediating impact on user satisfaction. According to this study, students with a higher degree of learner characteristics who use online education technology are more satisfied with the services offered by the technology and find it ideal for meeting their needs [57,108]. According to the findings of an empirical test on the link between task technology fit and performance effect, it was revealed that task technology fit positively predicts performance impacts, which is consistent with the findings of other research [65,66,67,68,69,109]. This study also suggests that learner characteristics positively predict performance impact via the mediation effect of user satisfaction and TTF in the sequence. According to this study, if the level of learner characteristics in the online education system is high, the students would be highly content with the online education system’s services in meeting their expectations. As a result, the student will find technology appropriate for completing their tasks, and coursework productivity and academic achievement will improve. Furthermore, because of task technology fit, students’ performance will improve efficiency and effectiveness. In addition, the link between user satisfaction and actual usage was examined, and it was discovered that user satisfaction predicts actual system usage favorably. This conclusion is supported by prior research findings [81,110]. The research explains that learner characteristics through users have an indirect influence on a student’s actual use of technology. This implies that the better the degree of student learner characteristics in the online learning system, the more satisfied the students will be, and they will eventually increase the frequency and duration of their online learning usage.



This research also supports the hypothesis that actual system usage predicts students’ performance impact favorably. Few studies in the literature have highlighted the interrelationship between actual system usage and performance impact, such as [71]. They found that actual system usage significantly impacts individual performance because users use the system to complete tasks, which improves their performance. In addition, numerous studies on IS have found that actual system usage has a significant positive impact on user performance [21,71,81,111]. This study confirmed that learner characteristics predict performance impact through the mediating function of user satisfaction and actual system usage. It states that the greater the level of learner characteristics in an online learning system, the more satisfied the students will be; therefore, the use of an online learning system will rise. This implies they will spend more time using online learning systems, improving their academic performance and coursework productivity. As a result, this technique adapts to how students learn and is deemed vital in their academic activities.



Perceived learning was also considered a mediator effect in the association between learner characteristics and user satisfaction in this study. According to [64], a satisfied student indicates a successful learning experience. The perceived student learning impact is a strong determinant of student satisfaction in online learning. This implies that if students believe that the online learning system meets their needs and is beneficial for them to complete their academic responsibilities, they will be extremely satisfied. As a result, the higher the perceived learning, the higher the level of learner satisfaction. Numerous research has shown that user satisfaction is favorably influenced by perceived learning [58,91].




6. Theoretical and Practical Implications


The following research study has the ability to provide a wide range of theoretical implications. First and foremost, this research adds to the body of knowledge by examining the moderating effect of perceived learning on the link between learner characteristics and user satisfaction. In addition, this study adds to the literature by examining the procedure of sequence mediation from learner characteristics to performance impact via the mediating effect of user satisfaction and task technology fit in series, as well as evaluating the influence of learner characteristics on performance impact via the mediating effect of user satisfaction actual usage. Furthermore, from a practical standpoint, this subject occupies a significant place due to its various applications. To begin with, e-learning may fundamentally boost learning through productive time utilization, and studying at one’s leisure increases attainment of education while using minimal resources, as well as reducing spatial barriers. Because of the COVID-19 pandemic, most educational institutions worldwide are now providing online education as a preventive strategy; thus, this research would benefit both institutions and students.



The second reason is that this research aimed to provide policymakers with a profound framework that emphasizes how employing online learning technologies can strengthen students’ academic potential as educational organizations. Governments worldwide are striving hard to make use of online education at a great level to ensure that students are provided with productive learning and education in the existing critical situation of the pandemic. According to the findings of the proposed framework, students’ academic performance in online education can be optimized if the learner characteristics of students in the online education system, user satisfaction constructs, task technology fit, actual system usage, and perceived learning are properly organized and adapted. Third, the focus of this research was to help students acquire information, enhance educational performance, and create constructive and dynamic expertise, all of which will reduce their stress levels when pursuing online education in the current circumstances of the COVID-19 pandemic.



Despite the fact that Pakistan is a developing country, it may fully leverage the benefits of online education so that, despite a lack of resources, it can provide high-quality education and learning throughout the country. Many countries worldwide have provided their students with modern technological equipment and reduced the costs of internet service providers to significantly enhance the availability of online education in their respective countries. Pakistan may also benefit from this action plan by implementing online learning across the country.




7. Conclusions


The current study examined students’ perspectives on online learning. It has highlighted elements that can assist students in enhancing their academic performance by adopting the most appropriate technology used in online learning. To deal with the problem, this study presented a consolidated model combining the DeLone and McLean Model of Information Systems Success (DMISM), the Task Technology Fit model (TTF), the Technology-to-Performance Chain model (TPC), and the Technology Acceptance Model (TAM). Learner characteristics, task technology fit, user satisfaction, perceived learning, actual system use, and performance impact were fundamental variables in the hypothesized framework.



The methodology given proved effective in revealing the impact of online learning on students’ academic progress, according to the results of several assessments. In assessing the task technology fit and practical application of online learning, user satisfaction is equally important. It also strengthens the relationship between learner characteristics, user satisfaction, and actual use. In addition, task technology fit is essential in evaluating academic performance and improving the link between user satisfaction and academic achievement. The perceived learning can also be used to gauge user satisfaction. The results of the tests clearly supported the existence of correlations between the framework’s components. The findings are consistent with previous research on the topic. Educational professionals and policymakers should highlight these traits in order to boost the probability of improved performance. Finally, the findings of this study will significantly aid the Pakistani government’s higher education policy. It will also be beneficial to create arrangements compatible with student activities, social values, and lifestyles, allowing students to use online learning to improve their academic achievement and, as a result, their work reliability.



The findings of this research will aid university policymakers in improving faculty and student knowledge and comprehension of the online learning system by conducting training programs on its usage. The necessary technological expertise for maintaining the online learning system should always be accessible. The management must ensure that the established online learning system is user-friendly and simple to use. In addition, the university administration is responsible for providing the necessary software, hardware and internet connectivity. If the necessary technical resources are updated on a regular basis, instructors and students will be able to effectively use online learning [112,113].



In addition, the framework established in this study will make it easier for students, teachers, and other administrative personnel to employ new technology to solve their issues. Several governments across the globe have successfully promoted educational achievements by offering modern technology equipment to pupils [114]. Pakistan can benefit from this strategy as well. Although Pakistan is a poor country with limited resources, it may nevertheless use the benefits of online learning to deliver high-quality education across the country.




8. Limitations and Future Research Directions


Several constraints were examined in this study, which can be used to anticipate guidelines for future research projects. Because the data for this study were collected from students at Punjab-based institutions, it is suggested that researchers who wish to do similar research should collect data from universities across Pakistan in other provinces so that the findings of this study may be generalized. A future study might be conducted on a bigger scale by comparing the online education system utilized in Pakistani universities to universities in other nations. Furthermore, this study only collected cross-sectional data. Still, future studies should include longitudinal data. To make the current study framework more comprehensive, the researchers should conduct other experiments to investigate the similarity among the results. Researchers should explore alternative moderators in future investigations, in addition to perceived learning, which was used as a moderator in this study. Perceived usefulness and perceived ease of use may be utilized as moderators in this context, and further explanations related to this moderation effect can be learned [23]. Furthermore, numerous studies have demonstrated that the human factor plays a vital role in persuading students to seek online education—in particular, a research study by [8] advocates that transformational leadership can be explored as a moderator in order to observe the associations in online learning frameworks.



Additionally, various paths in the scope of the current study might be extrapolated to produce a new scenario. Actual usage and user satisfaction may be replaced in future studies. Moreover, while this study is constrained to the education sector, future research might explore integrating the framework into other industries to evaluate the framework used in this study. Furthermore, learner characteristics in an online learning system were found to influence student satisfaction and performance impact in this study, but other factors may significantly impact both. As a result, future research should concentrate on the effects of various other elements, such as institutional factors, the role of the instructor, and course material design. Similarly, the online education system has been evaluated from the standpoint of students, but future studies should also examine the perspectives of the institution’s administrative and academic personnel [115].
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Appendix A. Research Questionnaire


QUESTIONNAIRE



Dear Respondent!



This study is being conducted by the Institute of Quality & Technology Management, University of the Punjab, Lahore and aims to investigate “THE CONTRIBUTION OF LEARNER CHARACTERISTICS AND PERCEIVED LEARNING TO STUDENTS’ SATISFACTION AND ACADEMIC PERFORMANCE DURING COVID-19” Your participation will be greatly appreciated and all data will be kept strictly confidential. During the questionnaire, if in any manner you feel offended, I sincerely apologize for the inconvenience of the matter caused.
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Table A1. The Questionnaire.






Table A1. The Questionnaire.





	
Gender

	
Male

	
Female




	
Age

	
20 or less

	
21–30

	
31–40

	
41–50

	
51–60

	
61 & above






	
University Name

	

	

	

	

	

	




	
Education Level

	
Intermediate

	
Bachelors

	
Masters

	
M.Phil

	
Ph.D.

	
Others









Record your responses on a scale given below:



	Strongly Disagree
	Disagree
	Somewhat Disagree
	Neither Agree nor Disagree
	Somewhat Agree
	Agree
	Strongly Agree



	1
	2
	3
	4
	5
	6
	7








	
Learner Characteristics




	
1

	
The most satisfying thing for me in online courses is trying to understand the content as thoroughly as possible

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
2

	
When I study for online courses, I go through the readings and my class notes and try to find the most important ideas

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
3

	
Considering the difficulty of online courses, the teacher, and my skill, I think I will do well in online classes

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
4

	
I think the course material in the class is useful for me to learn

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
5

	
When reading for the course, I make up questions to help focus my reading

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
6

	
I try to change the way I study in order to fit the course requirements and the instructor’s teaching style

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
7

	
When I study for online courses, I set goals for myself in order to direct my activities in each study period

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
8

	
In an online class, I prefer assignments and questions that really challenge me so that I can learn new things.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
9

	
I want to do well in the online class because it is important to show my ability to my family and friends.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
10

	
I like to be one of the most recognized students in online class

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
11

	
I do not give up easily when confronted with technology-related obstacles (e.g.,Internet connection issues, difficulty with downloads, difficulty locating information, unable to contact instructor immediately, etc.).

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
12

	
I am comfortable working in alternative learning environments.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
13

	
I am good at completing tasks independently

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
14

	
I organize my time to complete course requirements in a timely manner.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
15

	
I achieve goals I set for myself

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
16

	
I am able to express my opinion in writing so that others understand what I mean

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
17

	
I regulate and adjust my behavior to complete course requirements.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
18

	
I give constructive and proactive feedback to others even when I disagree.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
Perceived Learning




	
19

	
Overall the online course met my learning expectations.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
20

	
I have learned as much from this online class as I might have from a face-to-face version of the course.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
21

	
I learned new things and added new information to my knowledge

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
22

	
The quality of the learning experience in online classes is at par to face-to-face classes.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
User Satisfaction




	
23

	
My decision to use online learning was a wise one.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
24

	
Online learning has met my expectations.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
25

	
Overall, I am satisfied with online learning.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
Actual Usage




	
26

	
On average, how frequently do you use online learning?

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
27

	
On average, how much time do you spend per week using online learning?

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
Task Technology Fit




	
28

	
Online learning fits with the way I like to learn and study.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
29

	
Online learning is suitable for helping me complete my academic assignments.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
30

	
Online learning is necessary to my academic tasks.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	

	
Performance Impact




	
31

	
Online learning helps me to accomplish my tasks more quickly

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
32

	
Online learning makes it easier to complete my tasks.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
33

	
Online learning saves my money.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
34

	
Online learning improves my learning performance.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
35

	
Online learning enhances my academic effectiveness.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
36

	
Online learning helps reviews and eliminate errors in my work tasks.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
37

	
Online learning helps me to realize my future target.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
38

	
Online learning helps me acquire new knowledge.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
39

	
Online learning helps me acquire new skills.

	
1

	
2

	
3

	
4

	
5

	
6

	
7




	
40

	
Online learning helps me to come up with innovative ideas.

	
1

	
2

	
3

	
4

	
5

	
6

	
7










Appendix B
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Table A2. Scale validity and reliability.
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	Estimate
	S.E.
	C.R.
	p Label





	PI1
	<---
	PI
	1.000
	
	
	



	PI2
	<---
	PI
	0.966
	0.032
	30.341
	***



	PI3
	<---
	PI
	1.002
	0.029
	34.091
	***



	PI4
	<---
	PI
	1.009
	0.028
	36.539
	***



	PI5
	<---
	PI
	0.958
	0.028
	34.728
	***



	PI7
	<---
	PI
	0.982
	0.029
	34.440
	***



	PI8
	<---
	PI
	0.952
	0.029
	32.972
	***



	PI9
	<---
	PI
	0.950
	0.031
	30.489
	***



	PI10
	<---
	PI
	0.952
	0.031
	30.254
	***



	LC1
	<---
	LC
	1.000
	
	
	



	LC2
	<---
	LC
	1.210
	0.067
	18.027
	***



	LC3
	<---
	LC
	1.149
	0.065
	17.448
	***



	LC5
	<---
	LC
	1.077
	0.065
	16.691
	***



	LC6
	<---
	LC
	0.986
	0.059
	16.806
	***



	LC7
	<---
	LC
	1.058
	0.065
	16.369
	***



	LC8
	<---
	LC
	0.994
	0.061
	16.207
	***



	LC10
	<---
	LC
	1.075
	0.056
	19.347
	***



	LC11
	<---
	LC
	0.988
	0.061
	16.072
	***



	LC18
	<---
	LC
	1.028
	0.064
	15.998
	***



	LC13
	<---
	LC
	1.007
	0.063
	16.046
	***



	LC14
	<---
	LC
	1.167
	0.065
	17.998
	***



	LC15
	<---
	LC
	1.110
	0.065
	17.110
	***



	LC17
	<---
	LC
	1.202
	0.067
	18.044
	***



	PL1
	<---
	PL
	1.000
	
	
	



	PL2
	<---
	PL
	1.158
	0.042
	27.516
	***



	PL3
	<---
	PL
	1.067
	0.035
	30.314
	***



	PL4
	<---
	PL
	1.205
	0.042
	28.359
	***



	TTF1
	<---
	TTF
	1.000
	
	
	



	TTF2
	<---
	TTF
	0.916
	0.028
	32.501
	***



	TTF3
	<---
	TTF
	0.965
	0.025
	37.912
	***



	US1
	<---
	US
	1.000
	
	
	



	US2
	<---
	US
	0.979
	0.046
	21.306
	***



	US3
	<---
	US
	1.072
	0.047
	22.841
	***



	AU1
	<---
	AU
	1.000
	
	
	



	AU2
	<---
	AU
	0.798
	0.086
	9.294
	***







Note: *** p-value < 0.001.












Appendix C




	
Item-Total Statistics




	

	
Scale Mean if Item Deleted

	
Scale Variance if Item Deleted

	
Corrected Item-Total Correlation

	
Squared Multiple Correlation

	
Cronbach’s Alpha if Item Deleted




	
The most satisfying thing for me in online courses is trying to understand the content as thoroughly as possible

	
201.33

	
927.569

	
0.310

	
0.383

	
0.917




	
When I study for online courses, I go through the readings and my class notes and try to find the most important ideas

	
201.58

	
929.224

	
0.246

	
0.459

	
0.918




	
Considering the difficulty of online courses, the teacher, and my skill, I think I will do well in online classes

	
201.20

	
939.990

	
0.185

	
0.283

	
0.918




	
I think the course material in the class is useful for me to learn

	
201.42

	
930.270

	
0.317

	
0.353

	
0.917




	
When reading for the course, I make up questions to help focus my reading

	
201.43

	
928.869

	
0.316

	
0.500

	
0.917




	
I try to change the way I study in order to fit the course requirements and instructor’s teaching style

	
201.45

	
925.977

	
0.332

	
0.391

	
0.917




	
When I study for online courses, I set goals for myself in order to direct my activities in each study period

	
201.47

	
927.179

	
0.286

	
0.393

	
0.917




	
In an online class, I prefer assignments and questions that really challenge me so that I can learn new things

	
201.39

	
925.479

	
0.319

	
0.368

	
0.917




	
I want to do well in the online class because it is important to show my ability to my family and friends

	
201.47

	
924.506

	
0.331

	
0.473

	
0.917




	
I like to be one of the most recognized students in online class

	
201.17

	
929.591

	
0.312

	
0.398

	
0.917




	
I do not give up easily when confronted with technology-related obstacles (e.g.,Internet connection issues, difficulty with downloads, difficulty locating information, unable to contact instructor immediately, etc.).

	
201.42

	
924.259

	
0.308

	
0.412

	
0.917




	
I am comfortable working in alternative learning environments.

	
201.46

	
927.214

	
0.279

	
0.449

	
0.917




	
I am good at completing tasks independently

	
201.23

	
925.968

	
0.323

	
0.355

	
0.917




	
I organize my time to complete course requirements in a timely manner.

	
201.39

	
931.716

	
0.249

	
0.384

	
0.918




	
I achieve goals I set for myself

	
201.26

	
927.677

	
0.311

	
0.474

	
0.917




	
I am able to express my opinion in writing so that others understand what I mean

	
201.24

	
931.618

	
0.269

	
0.401

	
0.917




	
I regulate and adjust my behavior to complete course requirements.

	
201.26

	
926.264

	
0.333

	
0.524

	
0.917




	
I give constructive and proactive feedback to others even when I disagree

	
201.22

	
930.014

	
0.309

	
0.465

	
0.917




	
My decision to use online learning was a wise one.

	
202.15

	
885.592

	
0.647

	
0.752

	
0.913




	
Online learning has met my expectations.

	
202.32

	
879.998

	
0.651

	
0.778

	
0.913




	
Overall, I am satisfied with online learning.

	
202.23

	
878.823

	
0.656

	
0.831

	
0.913




	
Online learning fits with the way I like to learn and study.

	
202.29

	
879.141

	
0.662

	
0.805

	
0.913




	
Online learning is suitable for helping me complete my academic assignments.

	
201.87

	
884.268

	
0.686

	
0.738

	
0.913




	
Online learning is necessary for my academic tasks.

	
202.04

	
884.144

	
0.669

	
0.734

	
0.913




	
Online learning helps me to accomplish my tasks more quickly

	
201.94

	
888.052

	
0.649

	
0.788

	
0.913




	
Online learning makes it easier to complete my tasks.

	
201.77

	
889.967

	
0.659

	
0.784

	
0.913




	
Online learning saves me money.

	
201.54

	
905.973

	
0.488

	
0.460

	
0.915




	
Online learning improves my learning performance.

	
202.23

	
877.448

	
0.676

	
0.818

	
0.912




	
Online learning enhances my academic effectiveness.

	
202.23

	
883.144

	
0.655

	
0.810

	
0.913




	
Online learning helps reviews and eliminate errors in my work tasks.

	
201.98

	
888.216

	
0.641

	
0.720

	
0.913




	
Online learning helps me to realize my future target.

	
202.23

	
888.933

	
0.612

	
0.735

	
0.913




	
Online learning helps me acquire new knowledge.

	
201.83

	
885.078

	
0.661

	
0.779

	
0.913




	
Online learning helps me acquire new skills.

	
201.82

	
889.493

	
0.638

	
0.709

	
0.913




	
Online learning helps me to come up with innovative ideas.

	
201.96

	
887.998

	
0.640

	
0.736

	
0.913




	
Overall the online course met my learning expectations.

	
201.29

	
936.265

	
0.197

	
0.448

	
0.918




	
I have learned as much from this online class as I might have from a face-to-face version of the course

	
201.33

	
924.910

	
0.336

	
0.493

	
0.917




	
I learned new things and added new information to my knowledge

	
201.59

	
930.891

	
0.225

	
0.535

	
0.918




	
The quality of the learning experience in online classes is at par to face-to-face classes

	
201.57

	
913.939

	
0.338

	
0.613

	
0.917




	
On average, how frequently do you use online learning?

	
201.73

	
907.809

	
0.410

	
0.432

	
0.916




	
Average, how much time do you spend per week using online learning?

	
201.71

	
924.301

	
0.314

	
0.349

	
0.917
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Figure 1. The theoretical framework for the current study. 
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Figure 2. CFA for Measurement Model. 
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Figure 3. The Structural Model. 
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Table 1. The demographics of the respondents.
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	Frequency
	Percent
	Valid Percent
	Cumulative Percent





	Gender
	
	
	
	
	



	Valid
	(1) Males
	241
	59.7
	60.0
	60.0



	
	(2) Females
	161
	39.9
	40.0
	100.0



	
	Total
	402
	99.5
	100.0
	



	Missing
	System
	2
	0.5
	
	



	Total
	
	404
	100
	
	



	Age
	
	
	
	
	



	Valid
	(1) 20 or less
	49
	12.1
	12.1
	12.1



	
	(2) 21–30
	319
	79.0
	79.0
	91.1



	
	(3) 31–40
	36
	8.9
	8.9
	100.0



	
	Total
	404
	100.0
	100.0
	



	University
	
	
	
	
	



	Valid
	
	1
	0.2
	0.2
	0.2



	
	BZU Bahauddin Zakariya University
	30
	7.4
	7.4
	7.4



	
	COMSATS Institute of Information Technology
	30
	7.4
	7.4
	14.9



	
	FC Forman Christian College and Uversity, Lahore
	31
	7.7
	7.7
	22.5



	
	GCU Government College University
	52
	12.9
	12.9
	35.4



	
	GIFT
	30
	7.4
	7.4
	42.8



	
	IIUI International Islamic University Islamabad
	1
	0.2
	0.2
	43.1



	
	IUB The Islamia University of Bahawalpur
	30
	7.4
	7.4
	50.5



	
	LUMS Lahore University of Management Sciences
	20
	5.0
	5.0
	55.4



	
	NUST
	30
	7.4
	7.4
	62.9



	
	PMAS ARID UNIVERSITY
	30
	7.4
	7.4
	70.3



	
	PU University of the Punjab
	30
	7.4
	7.4
	77.7



	
	RIPHAH
	30
	7.4
	7.4
	85.1



	
	UOL University of Lahore
	30
	7.4
	7.4
	92.6



	
	UOS University of Sargodha
	30
	7.4
	7.4
	100.0



	
	Total
	403
	100.0
	100.0
	



	Education
	
	
	
	
	



	Valid
	
	
	
	
	



	
	(1) Intermediate
	3
	0.7
	0.7
	0.7



	
	(2) Bachelors
	215
	43.1
	43.2
	45.6



	
	(3) Masters
	133
	53.2
	53.3
	54.1



	
	(4) MPhil
	35
	8.7
	8.7
	95.8



	
	(5) Ph.D.
	11
	2.7
	2.7
	98.5



	
	(6) Others
	6
	1.5
	1.5
	100.0



	
	Total
	403
	99.8
	100.0
	



	Missing
	System
	1
	0.2
	
	



	Total
	
	404
	100
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Table 2. Measurement scales and corresponding references for all the constructs.
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	Construct
	Measurement Scale
	References





	Learner characteristics
	18 Items
	[63,98]



	User Satisfaction
	3 Items
	[48]



	Perceived Learning
	4 Items
	[92]



	Task Technology Fit
	3 Items
	[75]



	Actual Usage
	2 Items
	[19]



	Performance Impact
	10 Items
	[48]
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Table 3. Descriptive statistics.






Table 3. Descriptive statistics.





	

	
N

	
Mini

	
Max

	
M

	
SD

	
Skewness

	
Kurtosis




	

	
Statistic

	
Statistic

	
Statistic

	
Statitic

	
Statistic

	
Statistic

	
Std.Error

	
Statistic

	
Std.Error






	
Perceived Learning

	
404

	
1.25

	
7.00

	
4.8057

	
1.28082

	
−0.003

	
121

	
−0.824

	
0.242




	
Learner Characteristics

	
404

	
1.00

	
7.00

	
4.8308

	
1.42443

	
−0.572

	
0.121

	
−0.252

	
0.242




	
User Satisfaction

	
404

	
1.33

	
7.00

	
4.7533

	
1.41341

	
−0.001

	
0.121

	
−0.713

	
0.242




	
Performance Impact

	
404

	
1.00

	
6.89

	
4.7767

	
1.57719

	
−0.632

	
0.121

	
−0.663

	
0.242




	
Task Technology Fit

	
404

	
1.00

	
6.67

	
3.8837

	
1.78155

	
0.019

	
0.121

	
−1.084

	
0.242




	
Actual usage

	
404

	
1.00

	
7.00

	
4.6720

	
1.47586

	
−0.739

	
0.121

	
−0.171

	
0.242
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Table 4. Discriminant validity.






Table 4. Discriminant validity.


















	
	CR
	AVE
	MSV
	MaxR(H)
	LC
	PI
	PL
	TTF
	US
	AU





	LC
	0.965
	0.663
	0.106
	0.967
	0.814
	
	
	
	
	



	PI
	0.979
	0.837
	0.236
	0.980
	0.037
	0.915
	
	
	
	



	PL
	0.951
	0.831
	0.244
	0.972
	0.176 ***
	0.326 ***
	0.911
	
	
	



	TTF
	0.950
	0.865
	0.323
	0.957
	0.325 ***
	0.486 ***
	0.333 ***
	0.930
	
	



	US
	0.910
	0.772
	0.323
	0.925
	0.239 ***
	0.468 ***
	0.494 ***
	0.568 ***
	0.878
	



	AU
	0.776
	0.632
	0.149
	0.797
	0.313 ***
	0.381 ***
	0.126 ***
	0.327 ***
	0.387 ***
	0.925







*** p < 0.001; Note: For all the constructs, square roots of AVE (Average Variance Extracted) are shown as diagonal elements and inter-construct correlations are shown as off-diagonal.













[image: Table] 





Table 5. HTMT Analysis.
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	LC
	PI
	PL
	TTF
	US
	AU





	LC
	
	
	
	
	
	



	PI
	0.038
	
	
	
	
	



	PL
	0.183
	0.317
	
	
	
	



	TTF
	0.327
	0.496
	0.334
	
	
	



	US
	0.249
	0.461
	0.505
	0.581
	
	



	AU
	0.316
	0.383
	0.138
	0.326
	0.393
	










[image: Table] 





Table 6. Evaluation of Structural Model.






Table 6. Evaluation of Structural Model.





	Hypotheses
	Relations
	Estimate
	S.E
	C.R
	p-Value
	Results





	H1
	US <--- LC
	0.239
	0.054
	4.404
	***
	Accept



	H2
	TTF <--- US
	0.715
	0.0661
	0.746
	***
	Accept



	H3
	AU <--- US
	0.373
	0.063
	5.932
	***
	Accept



	H4
	PI <--- TTF
	0.262
	0.048
	5.424
	***
	Accept



	H5
	PI <--- AU
	0.201
	0.060
	3.352
	***
	Accept







Note: *** p-value < 0.001.
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Table 7. Results of mediating effects.






Table 7. Results of mediating effects.





	Path
	Direct Path
	Indirect Path
	Total Effect
	VAF
	Mediation Type





	H6 LC → US → TTF
	0.278
	0.171
	0.449
	38.08%
	Partial



	H7 LC→ US → AU
	0.250
	0.089
	0.34
	26.176%
	Partial



	H8 LC → US → TTF → PI
	0.16
	0.045
	0.205
	21.95%
	Partial



	H9 LC→ US → AU → PI
	0.012
	0.018
	0.030
	60%
	Partial
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Table 8. Summarized results of moderating variable.
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	Variables
	Coeff
	SE
	T
	P
	LLCI
	ULCI





	Constant
	4.7036
	0.0608
	77.3099
	0.0000
	4.5840
	4.8232



	LC-->US
	0.0977
	0.0444
	2.1988
	0.0285
	0.0103
	0.1850



	PL-->US
	0.4943
	0.0475
	10.4005
	0.0000
	0.4009
	0.5878



	Interaction
	
	
	
	
	
	



	LC x PL-->US
	0.1553
	0.0343
	4.5204
	0.0000
	0.0877
	0.2228
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