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Abstract
This study examines the influences of learners’ motivation, self-monitoring, and 
self-management on learning satisfaction in online learning environments. The 
participants were 185 undergraduates and 99 graduate students majoring in com-
puter science and engineering. The participants’ motivation, self-monitoring, self-
management, and learning satisfaction were measured using a questionnaire. Re-
sults indicated that motivation, self-monitoring, and self-management significantly 
influenced learning satisfaction and the three factors together accounted for ap-
proximately 60% of the variance in learning satisfaction. Motivation was the most 
influential factor on learning engagement. Group differences emerged between un-
dergraduates and graduate students in the influences of motivation, self-monitoring, 
and self-management on learning satisfaction. Compared to undergraduate students, 
graduate students had statistically higher scores in motivation, self-monitoring, and 
self-management, but not in learning satisfaction. The three factors also influenced 
undergraduate and graduate students differently in the regression analysis results. 
Motivation and self-monitoring, but not self-management influenced undergradu-
ates’ learning satisfaction, whereas motivation and self-management, but not self-
monitoring influenced graduates’ learning satisfaction. Further studies are needed 
to investigate the reasons for the group differences. The implications are that in-
structors need to utilize SDL strategies extensively to enhance learning satisfaction 
in online learning. In addition, designers, instructors, and institutions should tailor 
the learning strategies more effectively for their target audience given the differ-
ences in the influence of SDL on learning satisfaction between undergraduates and 
graduates.
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1 Introduction

The number of learners who enrolled in online courses rapidly increased during the 
COVID-19 pandemic, which accelerated universities’ shift from traditional in-person 
settings to online environments (Gardner, 2020; Kelly, 2020). Through the unprec-
edented online learning experiences during the pandemic, researchers and educators 
identified pivotal factors that led to successful online learning. Several researchers 
found that self-directed learning (SDL) leads to active participation, high learning 
motivation and engagement, and preparedness of learners (Kim, 2024; Li et al., 2023; 
Sun et al., 2023). Notably, the flexible structure of online courses gives learners the 
opportunity to exercise control over their own learning (e.g., learning autonomy), 
including when and how they engage in the learning process (Milligan & Littlejohn, 
2014). Research has consistently found that SDL skills have a positive impact on 
online learning outcomes (Broadbent & Poon, 2015; Broadbent, 2017; Richardson 
et al., 2012; Wang et al., 2013). Learners possessing higher levels of SDL skills tend 
to derive greater benefits from online learning resources (Geng et al., 2019) as they 
adeptly manage their time and learning resources and participate in course activities 
(Chu & Tsai, 2009; Hung et al., 2010). Consequently, SDL has been extensively high-
lighted as a crucial factor in the successful acquisition of knowledge and a predictor 
of learners’ readiness for online learning (Durnali, 2020; Karatas & Arpaci, 2021; 
Wei & Chou, 2020). Due to the importance of SDL, Garrison (1997) stated that SDL 
may be the most researched topic in adult education.

Learning satisfaction is another extensively researched topic in education. Hence, 
it has gained considerable attention from instructors and educational researchers 
because learning satisfaction reflects learners’ perceptions of their learning experi-
ence and the outcomes they achieve (Alqurashi, 2019; Artino, 2009; Kuo et al., 2014; 
Littlejohn et al., 2016). Since learning satisfaction is a key indicator of successful 
learning, it has been treated as an important learning result related to affective aspects 
of learning. Learning satisfaction also applies to online learning. Extensive research 
has demonstrated a positive correlation between learners’ satisfaction, student success 
(Chang & Smith, 2008), and retention rates in online education (Lee & Choi, 2013; 
Park & Choi, 2009). Jiang and colleagues (2021), Bollinger and Halupa (2012), and 
Stokes (2001) emphasized the importance of learning satisfaction in online learning 
indicating that high learning satisfaction leads to a lower attrition rate and increased 
learning engagement and learning achievement. Thus, learning satisfaction could 
lead to learners’ future intention to enroll in online learning.

Due to the importance of learning satisfaction in online learning, numerous recent 
studies have investigated influential factors related to learners’ satisfaction (Davis et 
al., 2018; Kuo et al., 2014; Liu et al., 2022; Rabin et al., 2020). The effects of SDL 
on learning outcomes have been investigated in various learning domains, includ-
ing cognitive, meta-cognitive, affective, and behavioral learning domains (Doo et 
al., 2023; Doo & Zhu, 2024). However, little research has focused on the influence 
of SDL on learning satisfaction. Previous SDL studies have mostly focused on the 
influences of SDL on learning achievement (e.g., Broadbent & Poon, 2015; Broad-
bent, 2017; Hsu & Shiue, 2005; Kim, 2024; Long, 1990; Wang et al., 2013). For 
example, Broadbent and Poon (2015) found that learning achievement was measured 
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with exam scores, assignment scores, final grades, or GPA in their systematic review 
of the effects of self-regulated learning strategies on learning achievement in online 
learning in higher education.

Given the importance of learning satisfaction in online learning, this study aims 
to investigate the impact of SDL on learning satisfaction in online learning environ-
ments. Among the various learning domains, we chose science, technology, engineer-
ing, and mathematics (STEM) fields as the context of this study. The U.S. Bureau 
of Labor Statistics in 2021 reported substantial growth in Computer Science and 
Engineering (CSE) occupations, spurred by the flourishing digital economy. The 
U.S. Bureau of Labor Statistics in 2022 estimated that approximately 667,600 new 
computer science jobs will be created, highlighting the increasing demand for quali-
fied workers in CSE. Given the accelerated growth in STEM fields, particularly in 
CSE fueled by the continuous emergence of new technologies, it is crucial to pro-
vide effective CSE education. In addition, there has been a rise in the availability of 
fully online Computer Science and Engineering (CSE) degrees and courses (Payne, 
2022). This trend requires that we understand how students learn online in STEM 
fields from a self-directed learning perspective. Computer science and engineering 
also require hands-on learning activities, which are typically challenging for online 
learning (Zhu et al., 2024). Therefore, it is crucial to conduct a deeper investigation 
into how motivation, self-monitoring, and self-management influence learning sat-
isfaction in CSE online learning. This study also compares the influence of SDL on 
learning satisfaction between undergraduates and graduates based on their different 
perspectives of SDL. The differences between undergraduates and graduates in their 
academic maturity, responsibilities, and learning approaches could lead to differences 
in motivation, self-monitoring, and self-management. A thorough understanding of 
these differences is critical to tailor online learning programs to meet the unique 
needs of these groups and to improve learning satisfaction.

2 Theoretical framework

2.1 Self-directed learning

Researchers have viewed SDL from two perspectives: (1) SDL as the personal attri-
butes of learners or personality characteristics (Guglielmino, 1978; Lounsbury et 
al., 2009; Long, 1990) and (2) SDL as the learning process or instructional method 
(Brockett & Hiemstra, 1991; Knowles, 1975). The first perspective views SDL as 
inherent learner traits or characteristics, encompassing skills and attributes such 
as motivation, self-monitoring, self-management, and self-control. Long (1990) 
explained that essential attributes for self-directed learners include independence, 
self-efficacy, intrinsic motivation, metacognition, deep learning, and prioritization. 
Other attributes of SDL include learner autonomy, responsibility, and control over 
the learning process (Sze-Yeng & Hussian, 2010). This perspective focuses on indi-
vidual differences in SDL. For example, Lounsbury and colleagues (2009) exam-
ined the relationship between SDL and personality traits as well as career-related 
traits. They found a significant correlation between SDL and openness, (low) anxiety, 
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optimism, work drive, optimism, career decidedness, and self-actualization. Based 
on their results, they described self-directed learners as individuals who are more 
engaged in self-directed learning are more likely to have a firm sense of identity; 
experience higher levels of life satisfaction; have higher levels of vocational interests 
for investigative, artistic, enterprising, and conventional occupations; and they are 
more likely to be conscientious, well-adjusted, optimistic, self-actualized, intuitive, 
hard-working, and open to new experiences. (p. 417)

The second perspective views SDL as a learning process in which learners take 
charge of planning, implementing, and evaluating their own learning (Knowles, 
1975; Merriam & Bierema, 2014; Song & Hill, 2007). Knowles (1975) defined SDL 
as “a process in which individuals take the initiative, with or without the help of 
others, in diagnosing their learning needs, formulating learning goals, identifying 
human and material resources for learning, choosing and implementing appropri-
ate learning strategies, and evaluating learning outcomes” (p. 18). Brookfield (1986) 
also characterized SDL as a process empowering learner to set learning goals, make 
plans for learning, make learning progress, and evaluate learning outcomes. This 
viewpoint has practical implications for instructors and university administrators as 
they can strengthen learners’ self-directed learning by helping them set learning goals 
and make plans. Good examples of this perspective include Centers for Teaching and 
Learning providing workshops or seminars to teach SDL skills.

Garrison (1997) criticized previous SDL research as overly focused on external 
management of learning. Garrison specifically highlighted the lack of attention given 
to the learning process in SDL such as the motivation and cognitive aspects of learn-
ers. Garrison defined SDL as “an approach where learners are motivated to assume 
personal responsibility and collaborative control of the cognitive (self-monitoring) 
and contextual (self-management) processes in constructing and confirming mean-
ingful and worthwhile learning outcomes” (p.18). As a combination of the two pri-
mary perspectives on SDL and to integrate the external management of learning, 
learning motivation, and cognitive responsibilities (i.e., SRL), Garrison developed a 
three-dimensional model of SDL consisting of motivation, self-monitoring, and self-
management (see Fig. 1). This model is still relevant today.

Regarding motivation, Garrison (1997) started with motivation in his SDL model 
and emphasized its importance as a “pivotal issue in SDL” (p. 26). Since motivation 
is a significant predictor of learning behaviors and performance, the importance of 
motivation in learning cannot be overemphasized (Williams & Deci, 1996; Williams 
et al., 1997). Artino (2008) also emphasized the importance of motivation because 

Fig. 1 Garrison’s self-directed 
learning. Note Adapted from 
Garrison’s Dimensions of Self-
Directed Learning (1997, p. 22)
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motivation (e.g., task value beliefs) is a strong predictor of the utilization of metacog-
nition and cognitive strategies (e.g., learning strategies), learning achievement, and 
learning satisfaction. Motivation in this model encompasses entering motivation and 
task motivation. The difference between the two types of motivation is that entering 
motivation signifies the initial drive for learning with rational intentions to pursue 
learning goals, whereas task motivation relates to the motivation to sustain learn-
ers’ engagement throughout the learning process. Garrison (1997) explained that task 
motivation is more associated with self-management including task control.

Self-monitoring involves learners taking responsibility for cognitive and meta-
cognitive processes in learning (Garrison, 1997). There is no universal distinction 
between self-regulated learning and self-directed learning, so the two terms are often 
used interchangeably (Linkous, 2021; Saks & Leijen, 2014). Self-monitoring in this 
model indicates self-regulated learning focusing on cognitive and meta-cognitive 
aspects of constructing meaning. Cognitive responsibilities include activities, such 
as monitoring their own learning process, applying appropriate learning strategies for 
successful learning outcomes, and evaluating learning achievement. The metacogni-
tive process involves reflective and critical thinking of learning process. Examples 
of self-monitoring include self-regulation, self-monitoring, self-regulated learning 
strategies, self-control, and cognitive and meta-cognitive learning strategies (Li et 
al., 2023; Zhu et al., 2024). 

Self-management, such as task management and external control, has traditionally 
been emphasized in SDL research. Self-management refers to the behavioral aspects 
of learners considering the external factors and task control activities that influence 
the learning process (Garrison, 1997). Better learner control in self-management is 
expected to help learners take more responsibility for their own learning process in 
terms of self-monitoring and motivation. Examples of self-management include time 
management, effort regulation, and learning resource management (Garrison, 1997). 
The relationship between motivation, self-monitoring, and self-management is intri-
cately interconnected. Garrison called them the “three overlapping dimensions” of 
SDL.

2.2 SDL in online learning

The importance of SDL is even more important in online learning environments, and 
SDL skills are considered key dimensions of online learning readiness (Chu & Tsai, 
2009; Hung et al., 2010; Hsu & Shiue, 2005). Since the interaction between learners 
and instructors is restricted due to the spatial and/or temporal separation in online 
learning environments, learners are expected to possess SDL skills to appropriately 
exercise increased learning autonomy in online learning (e.g., defining their learn-
ing objectives or making progress in learning at their own pace) (Cıgdem & Ozturk, 
2016; Lin & Hsieh, 2001; Song & Hill, 2007; Torun, 2020).

Numerous studies have highlighted the influences of SDL skills on learners’ aca-
demic performance (Broadbent & Poon, 2015; Broadbent, 2017; Richardson et al., 
2012; Wang et al., 2013; Zheng et al., 2018). Doo and Zhu (2024) also examined the 
effects of SDL based on Garrison’s model on learning achievement in online learning 
using a meta-analysis. The overall effect size of SDL on learning achievement was a 
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medium effect size (g = 0.508). The results indicated that the effect size of motivation 
(g = 0.658) was the largest followed by self-monitoring (g = 0.519), and self-manage-
ment (g = 0.279). The effect size of self-management was statistically smaller than 
motivation and self-monitoring. The influence of SDL on learning outcomes var-
ied in learning domains: affective domain (g = 0.625), cognitive domain (g = 0.401), 
behavioral/participation domain (g = 0.403), and meta-cognitive domain (g = 1.043). 
Lee and colleagues (2019) reported the systematic review results that examined the 
influences of SDL strategies on learning in massive open online courses (MOOCs). 
Using a systematic review, they identified MOOC learners’ motivational strategies, 
such as self-efficacy, task value, and goal setting. In their analysis, self-management 
strategies (i.e., behavioral aspects) included help-seeking, time management, and 
effort regulation.

2.3 SDL and learning satisfaction

SDL has the potential to influence learners’ inclination towards online learning 
(or intention for further study) and could increase learning satisfaction and learn-
ing achievement. Topala and Tomozii (2014) discussed the lack of consensus on the 
meaning of learning satisfaction. It generally indicates learners’ general satisfaction 
with the learning environment or context, or the joy or pleasure they experience dur-
ing the learning process. Given that learning satisfaction is an important indicator 
of learning success, it has been adopted as a dependent variable in many educa-
tional studies. However, few studies have examined the relationship between SDL 
and learning satisfaction in online learning environments. Thus, we expanded our 
literature search to include affective learning outcomes, such as a sense of academic 
achievement and learners’ preferences for online learning.

Here we present a summary of the relevant empirical studies about the relation-
ship between SDL/SRL and affective learning outcomes. Lee and colleagues (2019) 
conducted a systematic review and reported that SDL strategies enhanced a sense 
of academic achievement (i.e. affective domain) in addition to improving learning 
achievement in MOOCs. Chu and Tsai (2009) examined influential factors for adult 
learners’ preferences for online learning. The participants were 541 students who 
were enrolled in computer classes at community colleges and adult learning centers 
in Taiwan. They found that SDL readiness is a critical factor to predict learners’ 
preferences for online learning and the explanatory power is greater than other vari-
ables (e.g., general self-efficacy or Internet-usage). Other studies, which were not 
conducted in STEM fields (e.g., Hsu & Shiue, 2005, Meyer & colleagues, 2019), 
also indicated that learners with strong SDL skills are willing to take on challenging 
tasks and take ownership of their own learning, including taking responsibility for 
initiating and managing learning processes. Artino (2008) examined the influences of 
self-efficacy, task values, and perceived instructional quality on learning satisfaction 
in online learning using regression analysis. The results indicated that task value in 
motivation (e.g., task motivation in Garrison’s model) is a significant predictor of 
learning satisfaction (B = 0.31, p < .001) such as self-efficacy and instructional qual-
ity. These previous research findings have identified the influences of SDL on affec-
tive aspects of learning outcomes.
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Artino and Stephens (2009) examined differences between undergraduates and 
graduates in online learning in terms of academic motivation and self-regulation (or 
self-monitoring). They hypothesized that graduates are superior to undergraduates 
in self-monitoring in online learning because of the developmental nature of self-
regulation and graduates’ longer exposure to higher education (or longer learning 
experiences). Research has also indicated that graduates outperform undergradu-
ates in self-monitoring (e.g., critical thinking and elaboration). However, Artino 
and Stephens (2009) reported mixed findings related to motivation: undergraduates 
demonstrated higher task value and future intention to enroll in online learning than 
graduates. However, compared to graduates, undergraduates had lower self-efficacy 
and higher procrastination tendencies. Based on their research findings, Artino and 
Stephens (2009) emphasized the need to provide customized learning support for 
undergraduates and graduates in online learning because their needs (e.g., academic 
motivation and self-regulation) are different. Heo and Han (2018) examined the rela-
tionship between SDL readiness and motivation, academic stress, and age of online 
learners. They found that motivation and academic stress (reversely) predicted SDL 
readiness, but the relationship between age and SDL readiness was not significant. 
These conflicting findings on the relationship between SDL and age by Artino and 
Stephens (2009) and Heo and Han (2018) indicate that further examination is needed. 
Hence, it is necessary to examine the group differences between undergraduates and 
graduates in the influence of SDL on learning satisfaction The research questions that 
guided this study are as follows:

1. To what extent do motivation, self-monitoring, and self-management influence 
learning satisfaction in online learning within the STEM field in higher education 
institutions?

2. Which aspect of SDL is the most influential to learning satisfaction?
3. Are there differences between undergraduates and graduates in terms of the 

influence of motivation, self-monitoring, and self-management on learning 
satisfaction?

3 Methods

3.1 Contexts and participants

The participants of this study were students who were currently enrolled in online 
courses at the time of data collection or had previously taken online courses in the 
College of Computer Science and Engineering at Wayne State University, a large 
university in the Midwest in the US. The study received approval from the Institu-
tional Review Board (IRB) at Wayne State University. The data for this study were 
collected in Spring 2021 using an electronic survey. The questionnaire was sent to 
all students in the College of Computer Science and Engineering via the college 
email listserv. Participation in this study was voluntary (i.e., no credit given for sur-
vey participation) and a $25 gift card was offered to randomly selected individuals 
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who completed the questionnaire to encourage participation in the study. The ini-
tial number of participants was 370 individuals, and 284 participants completed the 
whole questionnaire (76.8%), excluding missing or incomplete responses. Among 
the 284 participants, more than two-thirds of the participants were undergraduates 
(N = 185, 65.1%) and the remaining 34.9% were graduate students (N = 99). While 
most students (75%) had previously enrolled in more than three online courses, the 
number of online courses taken by the participants varied: 1–3 courses (15%), 4–6 
courses (25%), 7–9 courses (22%), 10–12 courses (25%), and more than 12 courses 
(13%). Although all participants in this study were enrolled in the College of Com-
puter Science and Engineering, their majors or concentrations varied: computer sci-
ence (N = 76, 26.8%), electrical/electronic engineering (N = 34, 12.0%), biomedical 
engineering (N = 29, 10.2%), civil engineering (N = 18, 6.3%), industrial engineer-
ing (N = 17, 6.0%), chemical engineering (N = 14, 4.9%), other engineering majors 
(N = 39, 13.7%), and not reported (N = 57, 20.1%).

3.2 Measurement instruments

The questionnaire included three sections: demographic questions, SDL measure-
ment, and learning satisfaction measurement. Demographic questions included 
majors, class years, and online learning experiences of the participants. The SDL 
measurement was adopted from Zhu et al., (2020) and Zhu and Doo, (2022), which 
was developed for measuring MOOC learners’ SDL by adopting SDL scales of Fisher 
and King, (2010) and Williamson (2007) with modification. The initial Cronbach’s 
alphas for the self-management, self-monitoring, and motivation items were 0.71, 
0.76, and 0.65, respectively (Zhu & Bonk, 2019). To make the measurement scale 
more suitable for the context of the current study, we changed the term MOOCs to 
online learning. The SDL measurement included 27 items in three sub-categories: 
motivation (9 items), self-monitoring (9 items), and self-management (9 items) (see 
Appendix). Learning satisfaction was measured with six questions on overall learn-
ing satisfaction, satisfaction about educational and professional development, satis-
faction about interaction with peers and instructors, and future intention to enroll in 
an online learning course. The Cronbach’s alphas for motivation, self-monitoring, 
and self-management and learning satisfaction measurement exceeded 0.80, indicat-
ing an acceptable score, as shown in Table 1.

Examples from the SDL measurements for motivation, self-monitoring, and self-
managing are as follows: “I enjoy learning new information while taking online 
courses” and “I would like to know the deep reasons behind the facts while taking 
online courses” (motivation); “I am in control of my learning while taking online 
courses” and “I evaluate my own performance while taking online courses” (self-
monitoring); “I am able to keep my learning routine in online courses separate from 

Variables Number of items Cronbach’s alpha
Motivation 9 0.87
Self-monitoring 9 0.83
Self-management 9 0.85
Satisfaction 6 0.92

Table 1 Research instruments 
and correlations
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my other commitments” and “I can apply a variety of learning strategies while tak-
ing online courses” (self-management). Statements to measure learning satisfaction 
included: “Overall, I am satisfied with online courses” and “In the future, I would 
be willing to take an online course again.” The participants were asked to rate their 
self-directed learning on a 5-point Likert scale, ranging from 1 (strongly disagree) to 
5 (strongly agree).

3.3 Data analysis

We conducted descriptive analysis of the major variables (i.e., motivation, self-mon-
itoring, self-management, and learning engagement) including the means, standard 
deviations, kurtosis and skewness to check the assumption of normality. To answer 
the research questions, the influence of the three factors of SDL on learning satisfac-
tion were investigated using multiple regression analysis. Finally, we compared the 
self-directed learning of undergraduates (N = 185) and graduates (N = 94) in descrip-
tive statistics and inferential statistics. The data were analyzed using SPSS (version 
28.0).

4 Results

4.1 Descriptive data

As Table 2 shows, the average score of the four variables ranged from 3.31 to 3.84 on 
a 5-point Likert scale: motivation (M = 3.59, SD = 0.78), self-monitoring (M = 3.84, 
SD = 0.64), self-management (M = 3.62, SD = 0.75), and learning satisfaction 
(M = 3.59, SD = 0.78). Since the range of skewness and kurtosis of the four variables 
was between − 1 and 1, the normality assumptions were satisfied (Kline, 2011). We 
also checked the possibility of multicollinearity among the independent variables. 
Hair Jr. and colleagues (2010) warned that it is necessary to be careful about the 
existence of multicollinearity when the correlation among independent variables is 
higher than 0.9 or when the variance inflation factor (VIF) is higher than 10. The cor-
relations among the four variables of this study ranged from 0.65 to 0.76 at p < .001. 

Table 2 Descriptive data (N = 284)
Variables 1 2 3 4
Motivation 1 0.75** 0.72** 0.76**

Self-monitoring 1 0.68** 0.65**

Self-management 1 0.65**

Learning satisfaction 1
Mean 3.59 3.84 3.62 3.31
SD 0.78 0.64 0.75 1.11
Skewness − 0.363 − 0.269 − 0.231 − 0.242
Kurtosis − 0.308 0.265 − 0.432 − 0.886
Note**p < .001, *p < .05
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We found that the VIF among the variables was between 2 and 3. Hence, we con-
cluded that the VIF is not a concern in this study.

The motivation, self-monitoring, self-management, and learning satisfaction of 
undergraduates (N = 185) and graduates (N = 99) were compared (see Table 3). The 
average scores of graduate students in motivation (M = 3.79, SD = 0.65) were higher 
than undergraduates (M = 3.48, SD = 0.83) and the group difference in motivation was 
statistically significant (t = 3.24, p < .001). The graduates also significantly performed 
better in self-monitoring (M = 3.94, SD = 0.50) than undergraduates (M = 3.78, 
SD = 0.70) (t = 2.08, p < .05). The graduate participants outperformed in self-man-
agement (M = 3.77, SD = 0.71) compared to undergraduate participants (M = 3.55, 
SD = 0.75) and the differences between the two groups were statistically significant 
(t = 2.41, p < .05). However, there were no statistical differences between undergradu-
ates (M = 3.22, SD = 1.17) and graduates in learning satisfaction (M = 3.47, SD = 0.97) 
(t = 1.83, ns).

4.2 Influence of SDL elements on learning satisfaction

To estimate the influence of each SDL element (i.e., motivation, self-monitoring, 
and self-management) on learning satisfaction, we conducted multiple regression 
analysis. As Table 4 shows, three elements of SDL account for 60.1% of the variance 
in learning satisfaction: F (3, 280) = 140.69, p < .001. Motivation, self-monitoring, 
and self-management were all statistically significant factors in learning satisfac-
tion. Motivation was the most influential factor on learning satisfaction (B = 0.738, 
p < .001), followed by self-management (B = 0.258, p < .05) and self-monitoring 
(B = 0.253, p < .05).

Table 3 Comparisons between undergraduates and graduates
Undergraduates (N = 185) Graduates (N = 99) df t-values p-values
M SD M SD

Motivation 3.48 0.83 3.79 0.65 282 3.24** 0.001
Self-monitoring 3.78 0.70 3.94 0.50 282 2.08* 0.039
Self-management 3.55 0.75 3.77 0.71 282 2.41* 0.017
Learning satisfaction 3.22 1.17 3.47 0.97 282 1.83 0.068
Note**p < .001, *p < .05

Table 4 Results of multiple regression analysis
Unstandardized 
Coefficients

Standardized Coefficients t-values p-values

B SE β
Motivation 0.738 0.090 0.421 8.22** 0.001
Self-monitoring 0.253 0.104 0.145 2.44* 0.015
Self-management 0.258 0.085 0.174 3.04* 0.003
Note Constant = -1.247, F(3, 280) = 140.69**. p<. 001, R2 = 0.60
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4.3 Group differences in influences of SDL on learning satisfaction

To examine the group differences between undergraduates (N = 185) and graduates 
(N = 99) in the influences of motivation, self-monitoring, and self-management on 
learning satisfaction, we analyzed the data using regression analysis (see Table 5). 
In the undergraduate student group (N = 185), the influence of motivation (B = 0.754, 
p < .001) and self-monitoring (B = 0.188, p < .05) were statistically significant, but not 
self-management (B = 0.118, ns). Motivation and self-monitoring account for 60.3% 
of the variance in undergraduates’ learning satisfaction: F(3, 181) = 91.69**. p < .001. 
In the graduate student group (N = 99), the influence of motivation (B = 0.749, p < .001) 
and self-management (B = 0.428, p < .05) were statistically significant, but not self-
monitoring (B = 0.029, ns). Motivation and self-management account for 59.5% of 
the variance in graduates’ learning satisfaction: F(3, 95) = 46.57**. p < .001.

5 Discussion

The purpose of this study is to investigate the influence of motivation, self-moni-
toring, and self-management on learning satisfaction in online learning using Gar-
rison’s SDL model. The group differences between undergraduates and graduates 
in the influence of motivation, self-monitoring, and self-management on learning 
satisfaction were also examined.

The results showed that the influence of motivation, self-monitoring, and self-
management significantly influenced learning satisfaction in online learning. Moti-
vation, self-monitoring, and self-management together accounted for approximately 
60% of learning satisfaction. The findings suggest that SDL is a crucial factor for 
learning satisfaction in online learning and indicate the strong explanatory power 
of Garrison’s SDL model on learning satisfaction in online learning environments. 
These research findings support the Doo and Zhu’s, (2024) meta-analysis results 
showing the medium effect size of SDL on learning achievement in affective domain 
(g = 0.625).

The research findings also support Sun et al.’s (2023) previous study. They found 
that students’ SDL attitude and approach positively predicted learning engagement 
mediated by perceived value of knowing learning goals (PVKLG). The results indi-

Table 5 Group differences in multiple regression results
Unstandardized 
Coefficients

Standardized 
Coefficients

t-values p-val-
ues

B SE β
Undergradu-
ates (N = 185)

Motivation 0.754 0.110 0.533 6.86** 0.001
Self-monitoring 0.316 0.124 0.188 2.56* 0.011
Self-management 0.183 0.109 0.118 1.68 0.095

Graduates 
(N = 99)

Motivation 0.749 0.163 0.503 4.59** 0.001
Self-monitoring 0.029 0.201 0.015 0.143 0.886
Self-management 0.428 0.135 0.313 3.18* 0.002

Note Undergraduates: Constant = -1.247, F(3, 181) = 91.69**p<. 001, R2 = 0.603, Graduates: Constant= 
-1.096, F(3, 95) = 46.57**. p<. 001, R2 = 0.595
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cated that it is necessary to enhance PVKLG so the effects of SDL are more effective 
for learning engagement.

Motivation was the most influential factor on learning satisfaction (B = 0.738, 
p < .001) among Garrison’s SDL models in this study. This finding confirmed the 
meta-analysis results by Doo and Zhu, (2024) reporting the larger effect size of moti-
vation (g = 0.658) than self-monitoring (g = 0.519) and self-management (g = 0.279). 
It also supports Lee and colleagues’ (2019) claims that SDL strategies enhance a 
sense of academic achievement (e.g., learning satisfaction) and is consistent with 
Artino’s (2008) regression results that motivation (i.e., task values) is a strong predic-
tor of learning satisfaction (B = 0.31, p < .001).

This study also found that there are group differences between undergraduates 
and graduates in the influence of motivation, self-monitoring, and self-management 
on learning satisfaction. The results of the descriptive analysis indicated that gradu-
ate students had higher scores than undergraduates in all variables (i.e., motivation, 
self-monitoring, self-management, and learning satisfaction). The group differences 
were statistically significant in motivation, self-monitoring, and self-management. 
This result supports Artino and Stephens’ (2009) hypotheses and research findings 
that graduates outperformed undergraduates in self-monitoring. They explained the 
reason that graduates perform better in self-monitoring due to the developmental 
nature of self-regulation and longer higher education experiences of graduates. Our 
research results support the perspective of SDL as a learning process (Brockett & 
Hiemstra, 1991; Knowles, 1975).

We also found group differences in the influences of motivation, self-monitoring, 
and self-management on learning satisfaction between undergraduates and graduates. 
The results of the regression analysis for each group indicated that motivation was 
the most influential element of learning satisfaction regardless of the education level 
(i.e., undergraduates vs. graduates). However, self-monitoring and self-management 
influenced the learning satisfaction of undergraduates and graduates differently: moti-
vation and self-monitoring, but not self-management, were statistically significant to 
undergraduates’ learning satisfaction. In addition, motivation and self-management, 
but not self-monitoring, were statistically significant to predict graduates’ learning 
satisfaction. Further studies are needed to investigate the reasons for the group dif-
ferences between undergraduates and graduates in the influences of self-monitoring 
and self-management on learning satisfaction (e.g., different course structures for 
undergraduates and graduates, different class requirements for each group).

Implications for academics are that SDL should be fostered in class and on campus 
as a learning process. Given that SDL is a learning process (Brockett & Hiemstra, 
1991; Knowles, 1975), Morris and Rohs (2023) asserted that students’ SDL compe-
tence should be promoted in school. Instructors and university administrators can 
also take advantage of digital technologies (e.g. online learning) to facilitate stu-
dents’ SDL skills. In addition, our findings on different influences of SDL on learn-
ing satisfaction between undergraduates and graduates indicate that each group has 
unique needs for SDL and it is necessary to customize instructional strategies to make 
online learning programs more suitable for each group. Specifically, for undergradu-
ates, self-monitoring was more influential than self-management. Thus, instructors 
who teach undergraduates in online learning may consider adopting self-regulation, 
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self-monitoring, self-regulated learning strategies, self-control, and cognitive and 
meta-cognitive learning strategies extensively to improve students’ satisfaction and 
learning outcomes. The current study encourages instructors who teach graduate 
students virtually to apply self-management strategies, including time management, 
learning resource management, and effort regulation to enhance graduates’ learning 
satisfaction. We recommend the following references to those who are interested 
in learning SRL strategies and self-management strategies in depth: Pintrich et al. 
(1991), Zimmerman (2002), Broadbent (2017), Yen et al. (2018), Zhu and Bonk, 
(2022), and Zhu et al., (2024).

Despite the meaningful findings, this study has several limitations. First, the sam-
ple size of this study was small (i.e., 284 participants including 185 undergraduates 
and 99 graduates), and participants were homogenous because the data were collected 
in one university (i.e., students who majored in computer science and engineering in 
the same university). Future researchers can extend this study by inviting more par-
ticipants with diverse social and cultural backgrounds to enhance the external valid-
ity of the research findings. Second, the scope of this study was limited to examine 
the influence of SDL on learning satisfaction. To more thoroughly understand the 
effects of SDL on learning achievement, future researchers could expand the scope 
of this research to investigate the influences of SDL and the various types of learn-
ing outcomes (e.g., cognitive and behavioral learning outcomes) as well as learning 
satisfaction. Third, the data source of this study was a self-reported questionnaire. We 
suggest that future researchers collect various types of data using a combination of 
methods, such as semi-structured interviews, grades, or course evaluations, for more 
powerful research insights. Cronin-Golomb and Bauer (2023) claimed that SDL 
is a multifaceted and complex process across the lifespan from a lifelong learning 
perspective. They criticized that most SDL research was conducted as experimental 
research or examined in intentionally controlled environments to investigate pre-
defined research questions using self-reported data or observation. Given that SDL 
occurs across the lifespan, we recommend that researchers extend the current study 
by adopting more naturalistic approaches.

6 Conclusion

The current study found that the influence of motivation, self-monitoring, and self-
management significantly influenced learning satisfaction in online learning. Our 
findings confirm that SDL is a good predictor of learning satisfaction. As learning 
environments expand their boundaries beyond traditional classrooms to online learn-
ing, the importance of SDL has become an essential influential factor. Online learning 
is a learner-centered environment by nature and provides learners with augmented 
learning autonomy. Thus, learners need to be equipped with learning motivation, 
self-monitoring and self-management competencies to successfully complete their 
online learning courses. This study extends our understanding of the influence of 
SDL on learning outcomes and focuses on learning satisfaction.

This study identified differences in the influence of SDL on learning satisfaction 
between undergraduates and graduates. Given that SDL is a learning process across 
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the lifespan (Cronin-Golomb & Bauer, 2023), different age groups have different 
SDL levels, which highlights the need to tailor online learning programs to satisfy 
diverse groups of students. As Garrison (1997) asserted, becoming self-directed 
learners is the prerequisite to obtain meaningful learning outcomes. Thus, research-
ers need to expand and extend the scope of SDL factors to help learners succeed in 
the ever-changing learning environments.

Appendix: Measurement

1. Self-directed Learning (27 items)

 ● Self-management

1. I prefer to schedule my own learning plan while taking online courses.
2. I am self-disciplined about completing the required work while taking online 

courses.
3. I have good management skills (e.g., time, learning resources, etc.) while taking 

online courses.
4. I set specific times to study while taking online courses (e.g., 9:00 am or 10:00 

am in the morning).
5. I set strict time frames for learning while taking online courses (e.g., 1 h, 2 h, 

etc.).
6. I am able to keep my learning routine in online courses separate from my other 

commitments.
7. I can apply a variety of learning strategies while taking online courses.
8. I am disorganized while taking online courses. ®
9. I am confident in my ability to search for information related to learning content 

in online courses.

 ● Motivation

10. I want to learn new information through online courses pertaining to my major.
11. I enjoy learning new information while taking online courses.
12. I enjoy the challenges that may occur while taking online courses (e.g., analysis/

application of concepts).
13. I do not enjoy studying for online courses ®.
14. I critically evaluate information that I received while taking online courses.
15. I would like to know the deep reasons behind the facts while taking online 

courses.
16. I learn from the feedback provided by my peers while taking online courses.
17. I learn from the feedback provided by my instructor while taking online courses.
18. When presented with a problem I cannot resolve, I ask for assistance through 

different means while taking online courses.
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 ● Self-monitoring

19. I am responsible for my own learning while taking online courses.
20. I am in control of my learning while taking online courses.
21. I have high learning standards while taking online courses.
22. I prefer to set my own learning goals while taking online courses.
23. I evaluate my own performance while taking online courses.
24. I have high beliefs in my learning abilities while taking online courses.
25. I can find information related to learning content for myself while taking online 

courses.
26. I am able to focus on answering or solving a problem while taking online courses.
27. I am aware of my own limitations while taking online courses.

2. Learning satisfaction (6 items)

1. Overall, I am satisfied with online courses.
2. The online courses contributed to my educational development.
3. The online courses contributed to my professional development.
4. I am satisfied with the level of interaction among students in online courses.
5. I am satisfied with the level of interaction between my instructor and students in 

online courses.
6. In the future, I would be willing to take an online course again.
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