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Abstract 

This study aimed to verify whether self-directed learning readiness (SDLR) level can be 

significantly predicted by the literacy of learning management system (LLMS), motivation, and 

feedback interaction (FI) in non–face-to-face educational settings. We performed Pearson’s 

correlation analysis and multiple regression analysis. A total of 206 online college students 

responded to this web survey using simple random sampling. Results showed that three 

variables (LLMS, motivation, and FI) were positively associated with SDLR. Moreover, 

motivation and LLMS affected the SDLR level, and FI did not. Moreover, it is necessary for 

online educators to understand the problems that learners may face, such as low LLMS, low 

motivation, and lack of interaction in a non–face-to-face educational circumstances. In 

addition, this study suggested that they can encourage their students to increase LLMS and 

motivation for improving self-directed learning of online students during COVID-19 pandemic. 

Lastly, limitations and suggestions were discussed for future studies. 
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1. Introduction 

Despite the expansion and continuous development of information and communication 

technology (ICT), artificial intelligence, and big data, only 1% of Internet-based higher education 

courses and 99% of face-to-face (f2f) courses took place in Korea [1]. However, after the outbreak 

of COVID-19 around the end of 2019, our educational environment has changed considerably, and 

recovery to normal educational conditions has still been interrupted [1]. The traditional f2f 

environment in education has been changed into a non-f2f educational setting. Therefore, in Korea, 

online and blended classes are becoming the best alternative to f2f education from elementary to 

higher education. In particular, according to Higher Education Disclosure [2], the total number of 

online classes in Korea’s 4-year universities (223 universities) increased from 12,224 in 2019 to 

346,053 in 2020. In addition, in 2020, 104,370 hybrid courses were frequently used and developed 

to reduce the risk for f2f classes. 

In addition, students have faced various challenges and problems. For example, the rapid shift 

from f2f classes to online classes and web-based learning to reduce the risk of COVID-19 in schools 

has raised several serious educational issues for students. Therefore, several researchers have been 

interested in the challenges and problems of e-learning experienced by online students with regard 

to the COVID-19 pandemic and been looking for methods to improve online learning to overcome 

non-f2f learning [3-6]. Several studies have shown that online learners have to face several 

challenges, such as connecting to the Internet, downloading class materials, understanding the 

instructor’s assessment and interactions with other students, managing time, and coping with 

technophobia [5, 6]. 

In particular, the biggest challenges and problems of online education environments during the 

COVID-19 pandemic are low level of literacy in learning management system (LMS) and ICT, low 

motivation, the lack of feedback interaction between students and instructors or among students, 

and so on [3, 4]. Moreover, it is difficult for online educators to test students’ effective learning 

factors and problems when online students use learning systems or platforms in a situation where 

the educational environment changes rapidly from f2f to non-f2f learning [7]. Therefore, it is 

necessary to continuously study the effects of problems faced by online learners and instructors on 

self-directed learning (SDL) in non-f2f learning environments. 

Therefore, this study aimed to determine whether the low level of literacy of LMS (LLMS), lack of 

feedback interaction (FI), and low motivation that learners may face in online or non-f2f learning 

may have a significant effect on SDL readiness (SDLR) level. 

1.1 Low Level of Literacy in Learning Management System 

As the importance of teaching and learning processes spreads in higher education in Korea, LMSs 

have attracted the attention of several colleges and universities to support and manage teaching 
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and learning [8]. LMS efficiently supports and manages teaching and learning through the web-

based LMS-integrated tools and functions (e.g., providing lecture materials, announcements, 

evaluation, bulletin board, discussion, online lecture delivery, etc.). It is a comprehensive system or 

web-based platform that supports and tracks results [8, 9]. 

In other words, LMS allows online students to launch e-learning and helps manage the interaction 

between the learner and the other related resources in e-learning. In addition, LMS can be accessed 

through either an extranet (a private network) or the Internet (an interconnected network) and uses 

Internet technologies to manage the interaction between users and learning resources [9]. 

In addition, the use of LMS will affect self-directed learning in both f2f and non-f2f education [8]. 

Therefore, using LMS or LLMS is very necessary in on/offline education during the COVID-19 

pandemic, which indicates how well students use the various tools and functions of the LMS. 

Online teaching using information technology and LMS transcends time and space [10]. In 

addition, Saiyad and his colleagues [10] described that various asynchronous online tools and/or 

platforms (e.g., Blackboard, Moodle, Google classroom, and Schoology) and synchronous ones (e.g., 

Google suite, Go Webex, Zoom, and Skype) could encourage students to develop their SDL in online 

learning. Moreover, LMS can be classified into commercial LMS (e.g., WebCT, Blackboard, and Saka) 

and customized or in-house developed LMS (e.g., Minerva school’s LMS, Seoul Cyber University’s 

LMS). However, Anwar and his colleagues [3] found that students faced low technology and 

computer literacy rates while using their LLMS during the COVID-19 pandemic. 

1.2 Low Motivation 

In addition, Anwar and his colleagues [3] revealed that students faced challenges and problems 

of low motivation in their non-f2f learning during COVID-19. Low motivation in students can reduce 

SDL skills and the quality of online learning [11]. Although motivation is influenced by student 

characteristics and tends to vary across various educational settings, it plays a significant role in f2f 

and non-f2f learning [11-13]. Huebner and Wiener [14] suggested that the success of online learning 

depends on students’ motivation and application of technology. In addition, Hargraves [12] 

emphasized the importance of motivation in successful learning. 

1.3 Lack of Feedback Interaction 

One of the challenges faced in the expansion of online learning has been the lack of interaction 

and communication between students and instructors or among students [15, 16]. For decades, FI 

has been used as a crucial educational tool or method to influence student learning in both online 

and offline education [17, 18]. Interactions in online learning include questions, responses, and 

feedback. In addition, Brown, Harris, and Harnett [19] classified the feedback according to the 

instructors’ goals to improve learning, report and comply, or motivate students. Therefore, FI is 

provided throughout the learning process, and online students use it to evaluate and adjust their 

learning process to enhance their learning [20, 21]. 

There are various synchronous/asynchronous interaction and communication tools that support 

online learning. For instance, online instructors may use asynchronous (e.g., discussion board, 

quizzes, polls, email, social blog, recorded audio or video, recorded slides with narration, etc.) and 

synchronous interaction tools (e.g., virtual classroom, live presentation, live text chat, live audio or 

video chat, videoconference, etc.) to facilitate online learning. The advantage of asynchronous 
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interactive tools in online learning is the flexibility that allows learners to work at different times and 

places at their own pace. The downside, on the other hand, is the isolation, wherein communication 

at different times (or communication latency) can delay support, clarity, and feedback [22-24]. 

Moreover, synchronous interaction tools benefit from social interaction that provides support, 

communication, discussion, and insight in real-time, along with limitations such as inflexibility (i.e., 

real-time live scheduling) [22, 24]. 

1.4 Importance of Self-directed Learning Readiness in Non–face-to-face Education 

One of the biggest challenges experienced in education in the post-COVID era will be the 

transition from f2f to non-f2f education, where interaction and evaluation occur in a virtual learning 

space. Therefore, students must promote SDL skills that can play crucial roles in online educational 

environments. For instance, SDLR can strongly predict academic achievement and outcomes such as 

skills, knowledge, and abilities in distance education and lifelong education [25-28]. Moreover, the 

SDLR skills of students have the potential to upgrade the quality of learning outcomes in online and 

offline education [28, 29]. Thus, self-directed students have a positive motivation to learn at their 

own pace by being independent and autonomous and by successfully completing courses in both 

online and offline learning [30-32]. 

Even after the COVID-19 pandemic, SDLR skills of students should be increasingly required as 

younger generations become more accustomed to online (or non-f2f) education. Furthermore, 

instructors must understand how the challenges and problems in non-f2f learning (e.g., low level of 

LLMS, low motivation, and lack of FI) have an effect on SDLR. Therefore, it is crucial to investigate 

whether LLMS, motivation, and FI have a significant effect on SDLR level prediction to improve the 

online learning of students. 

2. Research Question 

The research questions of this study are as follows: 

First, is there a significant correlation between LLMS and SDLR? 

Second, is there a significant correlation between motivation and SDLR? 

Third, is there a significant correlation between FI and SDLR? 

Fourth, of the possible three predictor variables (LLMS, motivation, and FI), which one has the 

greatest effect on predicting SDLR level? 

3. Participants 

A total of 216 online students from Seoul Cyber University volunteered to participate in this study. 

A sample of 216 out of total 15,600 online students was selected by using a simple random sampling 

technique. A web survey was administered to collect data and respond to questionnaires with the 

consent of all 216 students. We then excluded 10 students who did not complete all of the web 

questionnaires and denied the consent paper for this study. 

Thus, this study included 206 students, 150 (72.4%) females and 56 (27.6%) males. In terms of 

expectations for online learning, 130 students (63.1%) had mid-expectations, and 70 (34.0%) had 

high expectations (see Table 1). 
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Table 1 Participants. 

Characteristics 
N % 

Variable Category 

Gender Female 150 72.4 

 Male 56 27.6 

School 

year 

Freshman 56 27.2 

Sophomore 7 3.4 

Junior 115 55.8 

Senior 28 13.6 

Age 

First-career adults (21–35) 51 24.8 

Middle career adults (36–45) 77 37.4 

Late career adults (46–60) 78 37.9 

Expectation Very low expectation 1 0.5 

on Online Low expectation 5 2.4 

Learning Mid expectation 130 63.1 

 High expectation 70 34.0 

Total 206 100 

4. Measurements 

4.1 Literacy of Learning Management System 

Lee and his colleagues [33] developed the SDL scale (SDLS) consisting of eight subscales (learning 

motivation, goal setting, resources for learning, time management, selection of learning strategies, 

learning duration, effort attribution evaluation, and self-reflection). Jeon and his colleagues [8] 

modified SDLS and performed the factor analysis to test the concept validity of modified SDL 

competency (SDLC). The SDLC consists of six subscales (learning motivation, goal setting, time 

management, learning duration, effort attribution evaluation, and self-reflection) and two subscales 

(use of LMS and satisfaction of class with LMS) with a total of 37 items of a five-point Likert type 

scale. Cronbach’s alpha for eight subscales of SDLC ranged from 0.63 to 0.94 [8]. 

In this study, LLMS was used out of eight subscales of SDLC to measure how well online students 

use the LMS for their interaction, communication, learning, and management. In addition, it had a 

high-reliability coefficient (Cronbach’s alpha = 0.88). 

4.2 Motivation 

This study used a short version of the Instructional Materials Motivation Survey (IMMS) [34]. It 

was adopted in Keller’s IMMS, containing 36 items scale with 4 subscales (i.e., attention, relevance, 
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confidence, and satisfaction) [35]. The IMMS short version includes 20 items of a 5-point Likert-type 

scale ranging from 1 (not true) to 5 (very true). In addition, it consists of five subscales (e.g., attention, 

relevance, confidence, satisfaction, and external motivation) [34]. It has been translated into Korean 

with a maximum score of 20 and a minimum of 5 points. The IMMS short version yielded a reliability 

coefficient of Cronbach’s alpha = 0.92 [34]. Cronbach’s alpha in this study was as high as 0.94. 

4.3 Feedback Interaction 

The Self-Evaluation Online Teaching Effectiveness (SEOTE) [36] tends to evaluate online teaching 

practices with seven subscales on a six-point Likert-type scale. Content validity was evaluated on 

seven subscales (e.g., student faculty contact, cooperation among students, active learning, 

feedback interaction [prompt feedback], time on task, high expectation, and respect for diverse 

talents and ways of learning) [36]. The reliability coefficient of this scale was 0.94 [37]. 

This study used FI, one of the eight subscales of Bangert’s SEOTE. FI is used to measure how well 

instructors can provide appropriate feedback to students through various tools. In addition, in this 

study, the reliability coefficient of FI was as high as 0.86. 

4.4 Self-directed Learning Readiness Scale 

In this study, we used a short form of the SDLR scale, which evaluated the effects of motivation, 

academic stress, and age on predicting SDLR [11]. We modified Guglielmino’s SDLR to measure the 

SDLR levels of online college students. 

Guglielmino’s SDLR [38] is a 5-point Likert-type scale with 8 subscales and 58 items. This SDLR 

scale has been adapted to five subscales (openness to learning opportunities, self-concept as an 

effective learner, independence in learning, responsibility for one’s own learning, and love of 

learning) and three subscales (positive orientation to the future, creativity, and ability to use basic 

study skills and problem-solving skills; 36 statements) were removed. 

The reliability coefficient of the SDLR scale (Korean version) was Cronbach’s alpha = 0.90 in eight 

subscales [39], and that of the short version was 0.89 [11]. In this study, a high-reliability coefficient 

(Cronbach’s alpha = 0.90) was calculated for a short version of Guglielmino’s SDLR scale. 

4.5 Data Collection and Analysis 

In this study, participants were recruited from an online university in Korea. A web survey was 

conducted from November 2 to 10, 2021, to collect data measuring LLMS, motivation, FI, and SDLR 

levels. 

Quantitative data were analyzed by performing Pearson’s correlation and multiple regression to 

determine whether LLMS, motivation, and FI influence SDLR level [40]. In this study, the alpha level 

of 0.05 was used as the confidence level for all statistical tests. From the first to the third research 

question, Pearson’s correlation analysis was performed to investigate whether a significant 

correlation exists among LLMS, motivation, FI, and SDLR. In the last research question, multiple 

regression was used to investigate whether the three predictors (LLMS, motivation, and FI) have any 

significant influence on predicting SDLR.  
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5. Results 

5.1 Correlation Analysis Among LLMS, Motivation, FI, and SDLR 

A bivariate correlation analysis between LLMS and SDLR was performed. Table 2 shows a positive 

relationship between LLMS and SDLR level (r(204) = 0.487, p < 0.01). In addition, LLMS showed a 

significant correlation with the five subscales of SDLR (openness to learning opportunities: r = 0.39, 

p < 0.01; self-concept as an effective learner: r = 0.39, p < 0.01; independence in learning: r = 0.37, 

p < 0.01; responsibility for one’s own learning: r = 0.36, p < 0.01; love of learning: r = 0.38, p < 0.01) 

(see Table 3). 

Table 2 Correlation among LLMS, Motivation, FI, and SDLR. 

Variables ① ② ③ ④ 

① Literacy of Learning Management System 1    

② Motivation 0.57** 1**   

③ Feedback Interaction 0.52** 0.51** 1  

④ Self-directed Learning readiness 0.49** 0.62** 0.34** 1 

M 2.95 3.96 3.63 3.97 

SD 0.90 0.57 0.87 0.46 

**p < 0.01 

Table 3 Bivariate Correlation among LLMS, Motivation, FI, and SDLR. 

Variable Subscale 1a Subscale 2a Subscale 3a Subscale 4a Subscale 5a Total of SDLRa 

LLMS 0.39** 0.39** 0.37** 0.36** 0.38** 0.49** 

Motivation 0.58** 0.45** 0.41** 0.48** 0.49** 0.62** 

FI 0.31** 0.26** 0.28** 0.28** 0.23** 0.34** 

a(Subscale 1 = openness to learning opportunities; Subscale 2 = self-concept as an effective 

learner; Subscale 3 = independence in learning; Subscale 4 = responsibility for one’s own learning; 

Subscale 5 = love of learning; total of SDLR = total score of self-directed learning readiness) 

**p < 0.01 

A significant positive correlation was observed between motivation and SDLR level among college 

students (r(204) = 0.62, p < 0.01). In addition, in Table 3, motivation had a significant positive 

correlation with the five subscales of SDLR (openness to learning opportunities: r = 0.58, p < 0.01; 

self-concept as an effective learner: r = 0.45, p < 0.01; independence in learning: r = 0.41, p < 0.01; 

responsibility for one’s own learning: r = 0.48, p < 0.01; and love of learning: r = 0.49, p < 0.01). 

Finally, the correlation analysis between FI and SDLR levels was performed. Table 2 shows a 

significant positive relationship between FI and SDLR (r(204) = 0.34, p < 0.01). Moreover, FI revealed 

a significant positive relationship with the five subscales of SDLR (openness to learning opportunities: 

r = 0.31, p < 0.01; self-concept as an effective learner: r = 0.26, p < 0.01; independence in learning: 

r = 0.28, p < 0.01; responsibility for one’s own learning: r = 0.28, p < 0.01; and love of learning: r = 

0.23, p < 0.01) (see Table 3). 
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Overall, there are all significant linear relationships between LLMS, motivation, and FI and SDLR 

level at the p-value of 0.01. 

5.2 Influence of Three Predictor Variables (LLMS, Motivation, FI) on SDLR Level 

Multiple regression analysis was performed using both the entry method and stepwise selection 

to determine the accuracy of LLMS, motivation, and FI in predicting SDLR. First, data were screened 

to identify missing data and/or outliers, and then, the significant assumptions were tested. At p < 

0.001 with df = 4, there were no missing values and outliers that exceeded the critical value of Chi-

square. The scatter plots were approximately elliptical, and the residual plot was not extreme. In 

addition, the significance of the Box’s test for equality of variances was not found at 0.05 or 0.01. 

Therefore, normality, homoscedasticity, and linearity were assumed. All tolerances of LLMS, 

motivation, and FI were more than 0.1, and all variance inflation factors (VIFs) were less than 10 (see 

Table 3). Therefore, no collinearity problem existed. 

When predicting the DV of SDLR, multiple regression analysis using the entry method revealed 

that the overall model of the three IVs significantly predicted the DV of SDLR (R2 = 0.416, R2
adj = 

0.408, F(3, 202) = 48.96, p < 0.001) (see Table 4). This model accounts for 41.6% of the variance of 

SDLR. The review of the beta coefficient specified that only two variables (motivation: β = 0.52, t(202) 

= 7.71, p < 0.001 and LLMS: β = 0.21, t(202) = 3.06, p < 0.01) significantly contributed to the model. 

Whereas, the FI (β = −0.03, t(202) = −0.52, p = 0.604) does not significantly contribute to the model. 

In Table 5, stepwise multiple regression analysis showed that the first model with a predictor 

(motivation) can explain 38.9% of the SDLR variance and it had a significant effect on SDLR prediction 

(motivation: β = 0.62, t(204) = 11.51, p < 0.001). Moreover, the second model of two predictors 

adding 2.6% of adjusted R2 can account for 41.5% and they are significantly influential in predicting 

SDLR (motivation: β = 0.51, t(203) = 7.95, p < 0.001 and LLMS: β = 0.20, t(203) = 3.06, p < 0.01). The 

results of this study indicated that LLMS and motivation could have a significant effect on predicting 

SDLR level. 

Table 4 Multiple Regression for Predicting SDLR Using the Entry Method. 

Model Variable B β T Tolerance VIF F R2 R2
adj 

1 

(constant) 2.06  11.82***   

48.96*** 0.416 0.408 
LLMS 0.11 0.21 3.06** 0.61 1.64 

Motivation 0.42 0.52 7.71*** 0.62 1.63 

FI -0.02 -0.03 -0.52 0.66 1.51 

**p < 0.01, ***p < 0.001 

Table 5 Stepwise Multiple Regression for Predicting SDLR Using the Stepwise Selection. 

Model Variable B β t Tolerance VIF F R2 R2
adj 

1 

(constant) 1.98  11.40***   

132.45*** 0.389 0.389 

Motivation 0.50 0.62 11.51*** 1.00 1.00 

Excluded Variable 

LLMS  0.20 3.06** 0.68 1.47 

FI  0.03 0.48 0.74 1.35 
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2 

(constant) 2.04  11.89***   

73.57*** 0.415 0.026 

Motivation 0.41 0.51 7.95*** 0.68 1.47 

LLMS 0.10 0.20 3.06** 0.68 1.47 

Excluded Variable 

FI  -0.03 -0.52 0.66 1.51 

**p < 0.01, ***p < 0.001 

In summary, the results of this study revealed that LLMS and motivation have a significant effect 

on predicting SDLR level. However, FI was not a significant predictor of SDLR level. 

6. Conclusion and Discussion 

In this study, the following important results were found: 

First, a positive correlation was observed between LLMS and SDLR level. A significant linear 

relationship between LLMS and SDLR indicated that SDLR of students increased when they could 

efficiently handle their LMS for non-f2f learning. This result is consistent with that of previous studies 

wherein the use of LMS can promote learners’ SDL [41-45]. 

In addition, Norouzi and his colleagues [42] studied 719 out of 800 postgraduate students to 

develop a model of LMS for SDL in an Iranian university by using a mixed-method design. This study 

revealed that after two semesters in the SDL posttest, significant differences were observed in SDL 

level between two groups, the control group, which used traditional learning, and the experimental 

group, which used LMS for online learning. 

The results of the first research question revealed that online students would have lower SDL 

when they lack LLMS in non-f2f learning. Therefore, instructors should encourage learners to 

become proficient in an LMS or learning platforms to improve their SDL skills. 

Second, the result of the second research question revealed that there was a significant positive 

relationship between the motivation of online students and SDLR level. The finding that a positive 

linear relationship exists between motivation and SDLR levels is similar to that of previous studies 

that learning motivation can improve SDLR levels of students [11, 28, 46-48]. Therefore, online 

students may have low self-direction and low autonomy in online learning because they are less 

motivated in a non-f2f learning environment. Therefore, it is crucial for instructors to motivate online 

learners to improve SDLR in online learning. 

Third, a significant relationship exists between FI and SDLR level regarding the third research 

question. A positive correlation exists between FI and SDLR, which is consistent with previous studies 

that feedback has a significant effect on SDLR [49-51]. Yuan and Kim [52] also revealed that online 

learning is often criticized for lacking interaction because students cannot physically and easily 

interact with their instructors. Moreover, Karkar-Esperate [53] explained that delayed feedback and 

lack of clear explanations through discussion could make online students feel isolated from their 

instructors. 

Therefore, online instructors must quickly provide critical feedback to their students within 24 h. 

In addition, instructors can use various asynchronous/synchronous interaction tools (i.e., bulletin 

board, discussion board, email, chat, etc.) to provide students with plenty of valuable feedback to 

help them promote their self-directed learning skills in non-f2f learning. Moreover, various e-

learning tools/platforms (such as Minerva school’s LMS, Schoology, Skype, Zoom, etc.) can be used 
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to provide sufficient synchronous interaction and communication and enhance self-directed 

learning. 

Last, several previous studies support that LLMS and motivation are crucial predictors of SDLR 

among online college students [28, 41, 42, 54]. Multiple regression analysis revealed that SDLR could 

be significantly predicted by predictors (LLMS and motivation). In addition, FI does not affect the 

SDLR prediction of a student. However, Lasfeto and Ulfa [55] argued that external educational 

variables could influence SDL predictions in distance education. In this study, correlation analysis 

and analysis of variance were performed on 98 students at the State University of Malang in 

Indonesia to study the effect of students’ social interaction on SDLR. As a result, the effect of 

students’ social interaction on SDLR in an online learning environment was confirmed [55]. 

A crucial finding of this study is that low LLMS and low motivation in learners can reduce their 

SDLS in non-f2f educational settings. Thus, online instructors should encourage students to increase 

LLMS and motivation for improving their SDL in online learning, although students may face 

challenges and problems (e.g., low LLMS and low motivation) because of non-f2f learning during 

COVID-19. Furthermore, online instructors can motivate students by presenting specific educational 

goals and targets for online courses and helping students know how to use and manage the LMS in 

the early stages of online learning. 

7. Limitation and Suggestion 

This study had some limitations and suggestions for future studies. Some problems in non-f2f 

classes in Korea during the COVID-19 pandemic were studied as independent variables which can 

significantly affect SDLR level. However, most research data and findings in countries where LMS can 

be actively used in e-learning may be limited. Therefore, crucial findings associated with SDLR for 

online educators and further studies are required to objectively be generalized by using abundant 

research findings of several countries that can positively use LMS to enhance the online SDL of 

students. Therefore, several studies on SDL and e-learning in non-f2f educational situations will be 

conducted worldwide with significant generalized findings even in the post-COVID-19 era. 

This study had another limitation in terms of statistical methodology. There was a significant 

linear relationship between FI and level of SDLR. However, it was not one of the crucial predictors 

that had a significant influence on predicting SDLR level. It is possible that the effect of FI on SDLR 

was under-measured because only a few items of FI were used as the measurement tool, a subrealm 

of SEOTE. Therefore, for further research, it is necessary to use a measurement tool that has high 

discriminating power and can measure widely in the realm of FI. In addition, when studying the 

effect of FI on SDLR level, it is necessary to perform advanced statistical methods (such as path 

analysis or structural equation modeling) that can consider various research results.  

Finally, the ability of LMS may significantly differ between students at cyber (or online) 

universities and students at offline universities. Therefore, in the study of the effects of LLMS on 

SDLR, it is necessary to verify the difference in SDLR level between the group that continuously used 

LMS and the group that did not, along with the longitudinal study method or the mixed study design 

to explore in detail. 
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