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This meta-analysis examines the relationship between self-regulated learning (SRL) and 

academic performance in higher education, quantifying the overall effect size and exploring 

factors contributing to variability. A systematic review using Google Scholar and Scopus 

identified 62 studies (14 articles, N=6,991 participants) published between 2014 and 2024, 

involving undergraduate, medical, and EFL learners. Using a random-effects model, the 

analysis revealed a pooled moderate positive effect of SRL (Zr=0.239, 95% CI: 0.204–0.274, 

p<0.001) on academic performance. Subgroup analyses revealed higher effect sizes among 

medical students (Zr=0.326) compared to undergraduate (Zr=0.228) and EFL learners 

(Zr=0.284). Path analysis studies yielded larger effect sizes (Zr=0.312) compared to 

correlational designs (Zr=0.239), highlighting SRL’s mediating role. No significant 

publication bias was detected (p=0.484, Egger’s test). Practically, these findings suggest 

educators should design interventions tailored to academic contexts, incorporating explicit 

goal-setting, structured self-monitoring, and reflective practices. Future research should 

address methodological gaps by adopting longitudinal designs, diversifying samples, and 

standardizing SRL measurement frameworks.  

1. Introduction 

1.1 Background 

Self-regulated learning (SRL) is an essential process in education, enabling learners to take active control of 

their learning through goal setting, self-monitoring, and self-evaluation. These processes are part of a cyclical model 

proposed by Zimmerman, which involves forethought, performance, and self-reflection phases. These phases allow 

learners to adapt and refine their strategies continuously, enhancing learning outcomes (Xu et al., 2022; Yu et al., 

2022). In higher education, SRL has gained increasing recognition as a critical skill for fostering autonomy, sustaining 

motivation, and driving academic success (Dogu et al., 2022; Wang et al., 2023). Students with well-developed SRL 

abilities are better equipped to tackle academic challenges, including those presented by online learning 

environments, as evidenced during the COVID-19 pandemic (Hadwin et al., 2022; Men et al., 2023). Beyond its 

immediate benefits, SRL plays a pivotal role in lifelong learning, enabling students to become proactive, reflective, 

and adaptive in their educational pursuits (Sáez-Delgado et al., 2023; van der Graaf et al., 2023). 

The theoretical basis of SRL highlights its multifaceted nature, encompassing cognitive, motivational, and 

metacognitive components. Zimmerman’s framework, which includes forethought (planning and goal-setting), 

performance (self-monitoring), and self-reflection phases (Zimmerman, 2008), underscores how learners actively 
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adapt their strategies based on continuous feedback and reflection (He et al., 2022; Yu et al., 2022). In contrast, 

Pintrich’s model emphasizes motivation and the perceived value of tasks as core drivers influencing students' 

engagement in SRL (Pintrich, 2004). Metacognition involves awareness and control over cognitive processes, 

empowering learners to evaluate their understanding and adjust their strategies accordingly, leading to improved 

academic outcomes (Afrashteh & Rezaei, 2022; Pachón-Basallo et al., 2022). Motivation is another crucial element, as 

it drives learners to persist in the face of challenges and to engage in behaviors that enhance learning. Students with 

higher levels of motivation are more likely to employ self-regulation strategies effectively, thereby achieving better 

academic performance (Wang et al., 2023; Xu et al., 2022). 

Self-efficacy, defined as the belief in one’s ability to achieve specific goals, plays a vital role in SRL. High self-

efficacy has been linked to greater persistence, higher academic goals, and adaptive learning strategies, all of which 

contribute to improved academic performance (Halmo et al., 2024; Miao & Ma, 2023). For instance, students with 

strong self-efficacy beliefs are more likely to tackle difficult tasks, monitor their progress effectively, and adjust their 

learning approaches when necessary. This interplay between self-efficacy and metacognition forms the foundation 

of SRL, enabling students to navigate complex academic environments with confidence and strategic awareness 

(Dahri et al., 2024; Siregar et al., 2024). 

The relationship between SRL and academic performance has been the focus of extensive research, with 

numerous studies highlighting its positive impact. For example, Xu et al. (2022) demonstrated that effective SRL 

strategies significantly enhanced academic performance during online learning, particularly during the disruptions 

caused by the COVID-19 pandemic. Similarly, Wang et al. (2023) found that SRL mediates the relationship between 

mental health and academic performance, suggesting that students who manage their learning processes effectively 

are better able to cope with psychological challenges. Furthermore, Hadwin et al. (2022) emphasized the role of SRL 

in overcoming academic challenges, while Tadesse et al. (2022) identified SRL strategies as strong predictors of 

perceived learning gains among undergraduate students. Collectively, these studies underscore the critical role of 

SRL in fostering academic success and highlight the importance of developing these skills in educational settings. 

Interventions aimed at improving SRL have also demonstrated significant benefits for academic performance. 

For instance, targeted SRL interventions during online learning not only addressed challenges posed by remote 

education but also enhanced students’ long-term learning strategies and outcomes (Hadwin et al., 2022). Teacher-

driven strategies, such as fostering a supportive learning environment and integrating SRL practices into instruction, 

have also been effective. Research by Cunha (2023) demonstrated that teacher-led SRL interventions improved 

students’ classroom engagement and psychological well-being, particularly for those with lower prior achievement. 

Heikkinen et al. (2023) further highlighted the potential of learning analytics in supporting SRL, showing that data-

driven feedback helps students monitor and adjust their learning processes effectively. Additionally, Miao and Ma 

(2023) emphasized the importance of teacher autonomy support in fostering SRL, which enhances students’ self-

efficacy and engagement, ultimately improving academic performance. 

While the relationship between SRL and academic performance is well-documented, it is not without 

complexities. Several factors mediate or moderate this relationship, influencing its outcomes. Self-efficacy serves as 

a critical mediator, shaping students’ motivation and persistence, which in turn enhances SRL and academic success 

(Miao & Ma, 2023). For instance, Miao’s research demonstrated that teacher autonomy support positively impacts 

self-efficacy, fostering more effective SRL strategies and improved academic engagement. Social support, defined 

here as emotional, informational, or practical assistance provided by teachers, peers, or family, is another important 

mediator, as it alleviates psychological distress and creates favorable conditions for effective SRL. Xu et al. (2022) 

found that supportive environments enhance students’ ability to self-regulate their learning, particularly under 

stressful conditions. Moreover, intrinsic motivation—driven by internal factors such as interest, enjoyment, or 

inherent satisfaction in learning tasks—is a crucial moderator. Students who are intrinsically motivated are more 

likely to engage in SRL practices, leading to better academic outcomes (Hands & Limniou, 2023). These factors 

underscore the complex interplay of cognitive, emotional, and social elements in shaping the relationship between 

SRL and academic achievement. 

1.2 Research Gap and Novelty 

Despite the growing body of evidence, several gaps in the literature remain. One notable challenge is the 

inconsistent definition and operationalization of SRL across studies. While some researchers focus on metacognitive 
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strategies as the core of SRL (Říčan et al., 2022; Xu et al., 2022), others emphasize motivational or environmental 

factors, leading to fragmented conclusions about its impact on academic performance (Hadwin et al., 2022; Navarro 

et al., 2023). Additionally, the mechanisms through which SRL influences academic outcomes are not fully 

understood. This theoretical ambiguity arises partly due to the overlapping but distinct frameworks proposed by 

Zimmerman, which prioritizes metacognitive regulation, and Pintrich, which integrates motivational aspects. While 

some studies highlight self-efficacy as a mediator (Wang et al., 2023; Xu et al., 2022), others point to social support 

or specific learning strategies as critical factors. This lack of consensus underscores the need for more comprehensive 

models that integrate these elements to provide a holistic understanding of SRL. 

Furthermore, the generalizability of existing research is limited, as many studies focus on specific populations, 

such as nursing students or those in online learning environments (Ragusa et al., 2023; Yoo & Jung, 2022). 

Additionally, existing literature often disproportionately represents studies from Western or Anglophone contexts, 

limiting global generalizability. Greater inclusion of research from regions such as Asia, Africa, and Latin America 

would enhance cultural contextualization and applicability of findings. Longitudinal studies tracking the 

development of SRL over time and its long-term effects on academic achievement are also scarce (Bardach et al., 

2023; Sáez-Delgado et al., 2023). Addressing these gaps is essential for advancing our understanding of SRL and its 

implications for educational practices. 

1.3 Research Objective and Questions 

In light of these considerations, this meta-analysis aims to address critical gaps in the literature and provide a 

comprehensive synthesis of the relationship between SRL and academic performance in higher education. 

Specifically, the objectives of this study are to (1) quantify the overall effect size of SRL on academic performance in 

higher education, providing a reliable estimate of its impact across diverse studies; (2) examine the sources of 

heterogeneity in the relationship between SRL and academic performance, identifying factors that influence 

variations in effect sizes; (3) evaluate the role of potential mediators and moderators, such as self-efficacy, social 

support, and motivation, in shaping the SRL-academic performance relationship; and (4)  assess publication bias and 

the robustness of the findings using advanced statistical techniques. 

The central research questions thus guiding this study are: What is the overall effect of SRL on academic 

performance in higher education? What factors contribute to the heterogeneity observed in the relationship between SRL and 

academic performance? How do mediators such as self-efficacy and social support influence the impact of SRL on academic 

outcomes? and Is there evidence of publication bias in the studies analyzed, and how does it affect the reliability of the findings? 

This meta-analysis seeks to contribute to the growing body of research on SRL by addressing these questions, 

explicitly linking findings to instructional theories and practical curriculum design frameworks. By synthesizing 

findings from a diverse range of studies, this analysis aims to offer a comprehensive understanding of SRL and its 

critical role in academic success. 

2. Method 

This meta-analysis followed a rigorous methodology to synthesize findings from studies examining the 

relationship between self-regulated learning (SRL) and academic performance in higher education. The methods 

were guided by established frameworks such as the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) and the Meta-analysis of Observational Studies in Epidemiology (MOOSE), ensuring 

transparency and reproducibility throughout the process (Bafeta et al., 2013; Yeomans et al., 2018). The analytical 

approach adhered to best practices for systematic reviews and meta-analyses in psychology and education, 

emphasizing a structured, unbiased, and replicable process (Grant et al., 2013; Martínez-García, 2022). Inter-rater 

reliability was calculated using Cohen’s Kappa (κ = 0.84), indicating high agreement between two independent 

reviewers during the study selection process. 

2.1 Data Sources and Search Strategy 

A comprehensive search was conducted across two major databases, Google Scholar and Scopus, covering 

publications from the last decade (2014–2024). This timeframe was selected to capture recent trends and 

advancements in SRL research. Keywords included “self-regulated learning,” “self-efficacy,” “academic 
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achievement,” “academic performance,” and “metacognition.” Boolean operators and search strings were utilized 

to enhance precision and comprehensiveness (Boulos et al., 2021; Marler et al., 2014). The search process prioritized 

peer-reviewed journal articles to ensure the quality and credibility of the studies included. To enhance global 

representation and citation diversity, additional manual searches were performed to specifically identify studies 

from underrepresented regions (e.g., Asia, Africa, Latin America). 

To address potential publication bias, the search strategy incorporated principles for identifying grey 

literature, such as reports and theses. However, only peer-reviewed studies indexed in Scopus were ultimately 

included, given the emphasis on ensuring high methodological rigor and standardization (Tsuji et al., 2020). Grey 

literature (e.g., theses, reports) was ultimately excluded due to variability in methodological rigor, inconsistent peer-

review standards, and to maintain comparability and quality assurance across studies. This decision was explicitly 

acknowledged as a limitation of the review. 

2.2 Study Selection 

The selection process involved predefined inclusion and exclusion criteria to ensure relevance and quality. 

Studies were eligible for inclusion if they: (1) focused on higher education populations, specifically university or 

college students; (2) employed correlational, regression, or path analysis methodologies to examine the relationship 

between SRL and academic performance; (3) reported data in an international language, predominantly English; (4) 

were published in Scopus-indexed journals; and (4) included a sample size of more than 50 participants. 

 

Figure 1. The selection process utilized 

Regression analyses were standardized by converting regression coefficients to correlation coefficients (r), 

while path analysis studies were included if SRL (or its subscales) was treated as an independent or mediating 
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variable. Studies were excluded if they did not provide sufficient data for effect size calculations or if SRL was found 

to have no direct or mediated effect on academic performance (Baziliansky & Cohen, 2021). Study quality was 

systematically assessed using the GRADE approach, with only studies rated as moderate-to-high quality included. 

A PRISMA flowchart (Figure 1) and Table 1 illustrate the selection process as well as the inclusion and exclusion 

criteria for the studies analyzed in this research. 

Table 1. Inclusion and Exclusion Criteria 

Criterion Inclusion Exclusion 

Population Higher education students Primary or secondary education populations 

Study Design Correlational, regression, path analysis Experimental designs without SRL focus 

Language International (predominantly English) Non-English publications 

Indexing Scopus-indexed journals Non-peer-reviewed sources 

Sample Size n>50 n≤50 

Quality Assessment Moderate-to-high quality (GRADE assessment) Low-quality studies 

2.3 Data Extraction 

Data extraction followed a systematic approach using a standardized template to ensure consistency. The 

extracted variables included study characteristics (author, year, population demographics, and sample size), 

instruments used to measure SRL (e.g., Motivated Strategies for Learning Questionnaire [MSLQ], English Self-

Regulated Learning Questionnaire [ESRLQ]), and effect sizes. Effect size data included correlation coefficients (r) 

and their standard errors (SE), as well as regression coefficients when applicable. Additionally, information on study 

design and statistical methodologies was recorded. 

2.4 Effect Size Calculation 

To synthesize data across studies, effect sizes were calculated using Fisher’s Z transformation to normalize 

correlation coefficients. The following formulas, as recommended by Borenstein et al. (2009), were applied are Effect 

Size (Zr) (Equation 1) and Standard Error (SE) (Equation 2). 

𝐸𝑆(𝑍𝑟) = 0.5 × 𝐿𝑛
1+𝑟

1−𝑟
  (Equation 1) 

This transformation standardizes correlation coefficients, ensuring consistency in the meta-analytical model. 

𝑆𝐸 = √
1

𝑛−3
  (Equation 2) 

Where n is the sample size, this formula provides an estimate of variability in effect size calculations. The 

calculated effect sizes and standard errors facilitated accurate comparisons across studies with varying sample sizes 

and designs. 

2.5 Statistical Analysis 

The meta-analysis utilized a random-effects model to account for variability both within and between studies, 

which is appropriate given the diversity in populations, instruments, and settings in the included studies (Reese & 

Mittag, 2013). Heterogeneity among studies was assessed using Cochran’s Q test and the I² statistic. The Q test 

evaluates the presence of heterogeneity, while I² quantifies its extent, with higher values indicating greater variability 

(Borenstein, 2023). 

Publication bias was assessed through visual inspection of a funnel plot and statistical evaluation using 

Egger’s test. Additionally, Rosenthal’s fail-safe N was calculated to determine the robustness of the results, 

estimating the number of missing studies required to nullify the observed effect size. 

Subgroup analyses were conducted to explore potential sources of heterogeneity, such as differences in SRL 

measurement tools, sample characteristics, or study designs. Sensitivity analyses tested the stability of the results by 

excluding outlier studies or recalculating pooled effect sizes with alternative statistical models. 
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All analyses were conducted using JASP (0.18.1.0), a statistical software package designed for meta-analytical 

procedures. JASP facilitated the calculation of pooled effect sizes, generation of forest and funnel plots, and 

assessment of publication bias. 

3. Result and Discussion 

This meta-analysis incorporated 62 studies from 14 peer-reviewed articles, providing a comprehensive 

examination of the relationship between self-regulated learning (SRL) and academic performance among higher 

education students. The studies encompassed diverse populations, including undergraduate students, medical 

students, and English as a Foreign Language (EFL) learners, reflecting the broad applicability of SRL across 

educational settings. Data were drawn from multiple validated SRL instruments, including the Motivated Strategies 

for Learning Questionnaire (MSLQ), the English Self-Regulated Learning Questionnaire (ESRLQ), and adaptations 

based on frameworks such as those developed by Zimmerman and Pintrich. These frameworks explicitly highlight 

cognitive, motivational, and metacognitive dimensions of SRL, ensuring comprehensive coverage across included 

studies. Sample sizes ranged from 74 to 478 participants, ensuring substantial representation of student populations. 

3.1 Study Characteristics 

The included studies spanned a wide range of academic contexts and disciplines. For instance, medical 

students were frequently studied due to their unique learning demands and structured curricula (Hayat et al., 2020; 

Kassab et al., 2015), which emphasized the role of SRL in managing rigorous academic and clinical responsibilities. 

Conversely, undergraduate students from broader fields such as psychology and general education provided 

insights into SRL’s application across less structured learning environments (Kim et al., 2020; Palos et al., 2019). EFL 

learners were also a notable subgroup, particularly in exploring how SRL strategies interact with language 

acquisition and cultural differences in learning approaches (Deng et al., 2022). The distinct SRL profiles and academic 

contexts across these populations directly influenced observed variability in SRL effectiveness. 

3.2 Summary of Study Data 

Table 2 provides selected studies included, illustrating their population characteristics, instruments, sample 

sizes, and effect sizes (Zr). Effect sizes ranged from 0.01 to 0.59, indicating variability in the strength of the 

relationship between SRL and academic performance across different studies. 

Table 2. Selected Characteristics of Included Studies 

Author (Year) Participant SRL Instrument N ES (Zr) SE 

Wolters & Hussain (2014) 

Study 1 

University students Adopted from Motivational 

Strategies for Learning 

Questionnaire (MSLQ) 

213 0.266 0.069 

Palos et al. (2019) Study 3 Psychology undergraduate 

students 

Adopted from MSLQ 254 0.400 0.063 

Hayat et al. (2020) Study 1 Medical students Adopted from MSLQ 279 0.497 0.060 

Cho & Heron (2015) Study 3 College students Adopted from MSLQ 229 0.299 0.067 

Kim et al. (2020) Study 1 Undergraduate students Adopted from Pintrich dan 

Zimmerman 

272 0.255 0.061 

Deng et al. (2022) Study 1 EFL University students English self-regulated learning 

questionnaire (ESRLQ) 

286 0.412 0.059 

Ejubović & Puška (2019) 

Study 3 

University students Adopted from Barnard-Brak; 

Zheng et al; Ratten; Shannon; 

Chang & Chang; Roach & 

Lemasters; Chukwuere; 

Vonderwell et.al; Ophus & 

Abbitt; Shea & Bidjerano 

375 0.460 0.052 

(Honicke et al., 2023) Study 1 University students Adopted from MSLQ 478 0.277 0.046 

Frumos et al. (2024) Study 6 University students Adopted from MSLQ 274 0.288 0.061 
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Author (Year) Participant SRL Instrument N ES (Zr) SE 

(Alhadabi & Karpinski, 2020) 

Study 3 

Undergraduate students Adopted from Elliot & Church 258 0.224 0.063 

Wolters & Hussain (2014) 

Study 3 

University students Adopted from MSLQ 213 0.245 0.069 

Hayat et al. (2020) Study 2 Medical students Adopted from MSLQ 279 0.485 0.060 

Ejubović & Puška (2019) 

Study 3 

University students Adopted from Barnard-Brak; 

Zheng et al; Ratten; Shannon; 

Chang & Chang; Roach & 

Lemasters; Chukwuere; 

Vonderwell et.al; Ophus & 

Abbitt; Shea & Bidjerano 

375 0.590 0.052 

Di et al. (2020) Study 1 University students Combination (LSQ dan MAI) 317 0.131 0.056 

Zhu et al. (2016) Study 1 University students Adopted from MSLQ 74 0.288 0.119 

Wolters & Hussain (2014) 

Study 2 

University students Adopted from MSLQ 213 0.224 0.069 

Palos et al. (2019) Study 1 Undergraduate students Adopted from MSLQ 254 0.080 0.063 

Kim et al. (2020) Study 4 Undergraduate students Adopted from Pintrich dan 

Zimmerman 

272 0.080 0.069 

Cho & Heron (2015) Study 2 College students Adopted from MSLQ 229 0.151 0.067 

Kim et al. (2020) Study 2 Undergraduate students Adopted from Pintrich dan 

Zimmerman 

272 0.030 0.069 

Frumos et al. (2024) Study 6 University students Adopted from MSLQ 274 0.090 0.061 

Di et al. (2020) Study 2 University students Combination (LSQ dan MAI) 317 0.070 0.056 

Di et al. (2020) Study 3 University students Combination (LSQ dan MAI) 317 0.030 0.056 

Deng et al. (2022) Study 4 EFL University students ESRLQ 286 0.266 0.059 

Kassab et al. (2015) Study 2 Medical college students Adopted from MSLQ 171 0.213 0.077 

Wolters & Hussain (2014) 

Study 5 

University students Adopted from MSLQ 213 0.436 0.069 

Ejubović & Puška (2019) 

Study 1 

University students Adopted from Barnard-Brak; 

Zheng et al; Ratten; Shannon; 

Chang & Chang; Roach & 

Lemasters; Chukwuere; 

Vonderwell et.al; Ophus & 

Abbitt; Shea & Bidjerano 

375 0.510 0.052 

Deng et al. (2022) Study 5 EFL University students ESRLQ 286 0.510 0.059 

Cho & Heron (2015) Study 1 College students Adopted from MSLQ 229 0.121 0.067 

Zhu et al. (2016) Study 3 University students Adopted from MSLQ 74 0.332 0.119 

Palos et al. (2019) Study 2 Undergraduate students Adopted from MSLQ 254 0.110 0.063 

Deng et al. (2022) Study 2 EFL University students ESRLQ 286 0.354 0.059 

Ejubović & Puška (2019) 

Study 2 

University students Adopted from Barnard-Brak; 

Zheng et al; Ratten; Shannon; 

Chang & Chang; Roach & 

Lemasters; Chukwuere; 

Vonderwell et.al; Ophus & 

Abbitt; Shea & Bidjerano 

375 0.354 0.052 

Zhu et al. (2016) Study 4 University students Adopted from MSLQ 74 0.299 0.119 

Palos et al. (2019) Study 4 Undergraduate students Adopted from MSLQ 254 0.354 0.063 

Frumos et al. (2024) Study 3 University students Adopted from MSLQ 274 0.234 0.061 

(Liu et al., 2020) Study 2 University students Cognitive processing strategies 

scale (CPSS) 

419 0.151 0.049 

(Alhadabi & Karpinski, 2020) 

Study 1 

Undergraduate students Adopted from Elliot & Church 258 0.100 0.063 

Frumos et al. (2024) Study 1 University students Adopted from MSLQ 274 0.213 0.061 
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Author (Year) Participant SRL Instrument N ES (Zr) SE 

(Liu et al., 2020) Study 1 University students Cognitive processing strategies 

scale (CPSS) 

419 0.060 0.049 

(Honicke et al., 2023) Study 1 University students Adopted from MSLQ 478 0.161 0.046 

Frumos et al. (2024) Study 4 University students Adopted from MSLQ 274 0.182 0.061 

Kim et al. (2020) Study 3 Undergraduate students Adopted from Pintrich dan 

Zimmerman 

272 0.245 0.061 

Wolters & Hussain (2014) 

Study 4 

University students Adopted from MSLQ 213 0.245 0.069 

Palos et al. (2019) Study 5 Undergraduate students Adopted from MSLQ 254 0.172 0.063 

(Alhadabi & Karpinski, 2020) 

Study 1 

Undergraduate students Adopted from Elliot & Church 258 0.266 0.063 

(Honicke et al., 2023) Study 3 University students Adopted from MSLQ 478 0.121 0.046 

Frumos et al. (2024) Study 2 University students Adopted from MSLQ 274 0.224 0.061 

(Liu et al., 2020) Study 3 University students Cognitive processing strategies 

scale (CPSS) 

419 0.131 0.049 

Zhu et al. (2016) Study 2 University students Adopted from MSLQ 74 0.354 0.119 

Kassab et al. (2015) Study 1 Medical college students Adopted from MSLQ 171 0.234 0.077 

Deng et al. (2022) Study 6 EFL University students ESRLQ 286 0.365 0.059 

Kim et al. (2020) Study 5 Undergraduate students Adopted from Pintrich dan 

Zimmerman 

272 0.224 0.061 

Kim et al. (2020) Study 6 Undergraduate students Adopted from Pintrich dan 

Zimmerman 

272 0.080 0.061 

Deng et al. (2022) Study 3 EFL University students ESRLQ 286 0.412 0.059 

Cho & Heron (2015) Study 4 College students Adopted from MSLQ 229 0.266 0.067 

Frumos et al. (2024) Study 10 University students Adopted from MSLQ 274 0.182 0.061 

Frumos et al. (2024) Study 7 University students Adopted from MSLQ 274 0.010 0.061 

Frumos et al. (2024) Study 8 University students Adopted from MSLQ 274 0.182 0.061 

Frumos et al. (2024) Study 9 University students Adopted from MSLQ 274 0.040 0.061 

(Alhadabi & Karpinski, 2020) 

Study 4 

Undergraduate students Adopted from Elliot & Church 258 0.192 0.063 

(Alhadabi & Karpinski, 2020) 

Study 5 

Undergraduate students Adopted from Elliot & Church 258 0.161 0.063 

3.3 Variability in Effect Sizes 

The range of effect sizes highlights differences in how SRL impacts academic performance across various 

contexts. Medical students showed consistently higher effect sizes (e.g., Hayat et al., Zr = 0.497), reflecting the 

structured learning environments that emphasize SRL for managing complex academic tasks such as problem-based 

learning and clinical simulations. Conversely, studies with undergraduate students exhibited moderate effect sizes 

(e.g., Palos et al., Zr = 0.400), which may reflect variability in students' adoption of SRL strategies across disciplines 

and institutions. EFL learners demonstrated notable variability (e.g., Deng et al., Zr = 0.412), potentially due to the 

influence of cultural and linguistic factors on learning approaches. 

3.4 Contextual Influences 

The heterogeneity in effect sizes underscores the role of contextual factors. For example, cultural differences 

significantly influence SRL strategies, particularly among EFL learners. In collectivist cultures, learners may rely 

more heavily on collaborative and externally regulated strategies, while those in individualistic cultures often 

prioritize independent and self-regulated approaches (Hapsari & Fatmasari, 2022; Redjeki & Hapsari, 2022). 

Similarly, academic disciplines and instructional methods shape SRL’s effectiveness. Structured disciplines like 

medicine naturally encourage SRL through frameworks such as problem-based learning, whereas broader 

disciplines may provide less consistent reinforcement (Farrukh & Usmani, 2022; Zhang et al., 2022). These contextual 

variations reinforce the need for tailored instructional designs when implementing SRL-based interventions. 
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3.5 Data Representation 

The variability of effect sizes and consistency of findings across instruments are depicted in Figure 2. The 

forest plot demonstrates individual study effect sizes alongside the pooled estimate, highlighting both the robustness 

of SRL’s overall impact and nuances across different populations and contexts. Studies with larger sample sizes have 

proportionally larger markers, indicating their greater weight in the analysis. 

  

Figure 2. Forest Plot of Individual and Pooled Effect Sizes for SRL and Academic Performance 

3.6 Pooled Effect Size and Heterogeneity 

The overall pooled effect size for the relationship between self-regulated learning (SRL) and academic 

performance was calculated using a random-effects model to account for variability among studies. The analysis 

yielded a pooled effect size of 0.239 (95% CI: 0.204–0.274; p<0.001). This indicates a moderate positive relationship 

between SRL and academic performance, suggesting that students with stronger SRL skills consistently achieve 

better academic outcomes across higher education contexts. The magnitude of this effect underscores the practical 

relevance of SRL interventions in educational policy and instructional practice. 

3.6.1 Statistical Summary 

Table 3 presents the results of the random-effects model. The effect size was statistically significant, as 

indicated by the p<0.001, and the confidence intervals demonstrate that the relationship is robust and unlikely to be 

due to chance. The pooled effect size reflects a reliable estimate of SRL’s impact across the diverse populations and 

contexts included in this meta-analysis. 

Table 3. Summary of Random-Effects Model Results 

Statistic Estimate SE z p 95% CI (Lower) 95% CI (Upper) 

Pooled Effect Size (Zr) 0.239 0.018 13.371 <0.001 0.204 0.274 

3.6.2 Heterogeneity Assessment 
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The analysis revealed significant heterogeneity among the included studies, as evidenced by Cochran’s Q and 

the I² statistic. Cochran’s Q was 340.808 (p<0.001), indicating that the observed variability in effect sizes across studies 

is unlikely to be due to random sampling error alone (see Table 4). The I² value was 82%, suggesting that 82% of the 

variability in effect sizes is attributable to differences among studies rather than chance. This substantial 

heterogeneity emphasizes the importance of considering diverse educational and theoretical contexts in interpreting 

SRL's effectiveness. 

Table 4. Heterogeneity Statistics for Included Studies 

Heterogeneity Statistic Value p 

Cochran’s Q 340.808 <0.001 

I2 82% - 

3.6.3 Interpretation of Heterogeneity 

The substantial heterogeneity observed in this meta-analysis can be explained by a range of interrelated 

factors. One major source of variability lies in the distinct population characteristics examined across studies. 

Medical students, undergraduate students, and EFL learners each face different academic demands and adopt 

unique SRL practices. For instance, medical students often show higher effect sizes owing to the structured and 

rigorous nature of their curricula, which naturally fosters SRL through consistent use of problem-based learning, 

goal-setting, and self-monitoring strategies (Hayat et al., 2020; Kassab et al., 2015). In contrast, undergraduate 

students in general disciplines may exhibit more variable outcomes depending on instructional approaches and 

institutional settings that provide inconsistent reinforcement of SRL practices (Kim et al., 2020; Palos et al., 2019). 

Another notable contributor to heterogeneity involves the measurement tools used to assess SRL. Research 

employing the MSLQ tends to report moderate effect sizes consistently, whereas instruments such as the ESRLQ can 

yield fluctuating results due to differing cultural and linguistic contexts (Deng et al., 2022; Redjeki & Hapsari, 2022). 

Moreover, cultural and educational contexts themselves significantly influence the strategies and effectiveness of 

SRL. Collectivist cultures, for example, may place greater emphasis on collaborative learning, whereas 

individualistic cultures often focus on more autonomous SRL approaches (Hapsari & Fatmasari, 2022; Suamuang & 

Suksakulchai, 2022). This cultural variability highlights the need for culturally tailored interventions and 

contextualized SRL frameworks. 

Finally, study design and methodological considerations also shape the variation in findings. Path analysis 

research, in particular, frequently positions SRL as a mediating variable, which can produce higher effect sizes due 

to the intricate modeling of indirect effects (Ejubović & Puška, 2019; Wolters & Hussain, 2014). Taken together, these 

diverse factors underscore why the overall effect sizes differ substantially across the studies analyzed. These 

methodological differences stress the importance of explicitly considering study design when interpreting SRL 

outcomes. 

3.6.4 Implications of Heterogeneity 

The significant heterogeneity observed highlights the importance of contextual factors in shaping the 

relationship between SRL and academic performance. While the pooled effect size provides a reliable estimate of 

SRL’s overall impact, variability emphasizes the need for nuanced interpretations accounting for population, 

measurement, and contextual differences. These findings suggest that educational institutions should develop 

context-sensitive SRL interventions tailored to specific learner needs and cultural settings. Subsequent subgroup and 

sensitivity analyses will explore these factors in greater detail, clarifying sources of heterogeneity and implications 

for educational practices. 

3.7 Publication Bias Analysis 

Publication bias is a critical concern in meta-analyses, as it can lead to overestimation of effect sizes if studies 

with null or negative findings remain unpublished. To assess publication bias in this meta-analysis, a combination 

of visual and statistical approaches was employed, including funnel plot analysis, Egger’s test, and Rosenthal’s fail-

safe N. These methods ensured a comprehensive evaluation of potential bias in the included studies. 
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3.7.1 Funnel Plot Analysis 

A funnel plot was generated to visualize the distribution of effect sizes against their standard errors. In the 

absence of publication bias, the plot should resemble a symmetrical inverted funnel, indicating that effect sizes are 

evenly distributed around the pooled estimate, regardless of study precision. The funnel plot for this meta-analysis 

(Figure 3) exhibited a generally symmetrical distribution, with most studies clustered around the pooled effect size 

(0.239) and tapering at the extremes. While a few outlier studies with larger standard errors and effect sizes were 

observed, their presence did not disrupt the overall symmetry. 

 

Figure 3. Funnel Plot of Included Studies (Note: The dashed vertical line represents the pooled effect size, and the diagonal 

lines represent the 95% confidence intervals). 

3.7.2 Egger’s Test 

To statistically assess asymmetry in the funnel plot, Egger’s test was conducted. This test evaluates the 

relationship between study precision (inverse of the standard error) and effect sizes. The result of Egger’s test was 

not statistically significant (z=0.700, p=0.484), indicating no evidence of small-study effects or publication bias. These 

findings align with the visual symmetry observed in the funnel plot. 

Table 5. Egger’s Test for Funnel Plot Asymmetry 

Statistic Value p 

Egger’s Test (z) 0.700 0.484 

3.7.3 Rosenthal’s Fail-Safe N 

Rosenthal’s fail-safe N was calculated to evaluate the robustness of the meta-analytic findings against potential 

unpublished studies with null effects. The fail-safe N represents the number of null studies required to reduce the 

observed effect size to non-significance. For this analysis, the fail-safe N was 21,208, far exceeding the critical 

threshold of 5k+10=320 (where k is the number of included studies). This result indicates that the meta-analysis 

findings are highly robust and unlikely to be influenced by the non-publication of negative or null results. 

Table 6. Rosenthal’s Fail-Safe N 

Metric Value Threshold Result 

Fail-Safe N 21,208 320 Robust 

3.7.4 Implications of Publication Bias Analysis 

The absence of significant asymmetry in the funnel plot, coupled with the non-significant Egger’s test results 

and the high fail-safe N, provides strong evidence against the presence of publication bias in this meta-analysis. 

These findings enhance confidence in the reliability and validity of the pooled effect size, indicating that it is unlikely 

to be inflated due to selective reporting. 
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However, the presence of a few outlier studies with larger effect sizes warrants further examination. These 

outliers may reflect genuine variations due to population characteristics, methodological differences, or contextual 

factors rather than systematic bias. For instance, studies conducted in structured academic environments, such as 

medical education, often report higher effect sizes for SRL due to the inherent demands of the curriculum (Hayat et 

al., 2020; Kassab et al., 2015). 

The results of the publication bias analysis underscore the robustness of the meta-analytic findings and 

validate the inclusion of a diverse set of studies. Future research should continue to prioritize transparency and 

inclusivity in study selection to mitigate potential biases and ensure the reliability of meta-analytic conclusions. 

3.8 Subgroup and Sensitivity Analyses 

Subgroup and sensitivity analyses were conducted to explore sources of heterogeneity and assess the 

robustness of the meta-analytic findings. These analyses provided a deeper understanding of how specific study 

characteristics and methodological variations influence the relationship between self-regulated learning (SRL) and 

academic performance. Explicit comparisons between subgroups were performed to statistically verify whether 

observed differences in pooled effect sizes were significant. 

3.8.1 Subgroup Analyses 

Subgroup analyses examined the effect of key study characteristics, including population type, SRL 

measurement instruments, and study design, on the pooled effect size. Table 7 summarizes the subgroup results. 

Table 7. Subgroup Analysis of Pooled Effect Sizes 

Subgroup Pooled Effect Size (Zr) 95% CI Heterogeneity (I2) 

Population Type 
   

Undergraduate students 0.228 [0.195, 0.261] 75% 

Medical students 0.326 [0.281, 0.371] 68% 

EFL learners 0.284 [0.240, 0.328] 72% 

Measurement Instrument 
   

MSLQ 0.252 [0.218, 0.286] 77% 

ESRLQ 0.301 [0.249, 0.353] 70% 

Cognitive Processing Scales 0.188 [0.136, 0.240] 65% 

Study Design 
   

Correlation 0.239 [0.205, 0.273] 82% 

Path analysis 0.312 [0.265, 0.359] 71% 

Note: Differences among subgroups were statistically significant (p < 0.05). 

3.8.2 Population Type 

Medical students demonstrated the highest pooled effect size (Zr=0.326), reflecting the structured and 

intensive nature of medical education that emphasizes SRL strategies to manage academic and clinical demands 

(Hayat et al., 2020; Kassab et al., 2015). This result highlights how consistently structured curricula with clear SRL 

reinforcement, such as in medical education, produce stronger academic outcomes. In contrast, undergraduate 

students showed a slightly lower pooled effect size (Zr=0.228), likely due to variability in instructional practices and 

curricula. EFL learners displayed a moderate pooled effect size (Zr=0.284), which may be influenced by cultural and 

linguistic factors shaping SRL adoption (Deng et al., 2022). 

3.8.3 Measurement Instruments 

Studies using the MSLQ reported a pooled effect size of Zr=0.252, consistent with its robust measurement of 

SRL dimensions across cognitive, metacognitive, and motivational domains. The ESRLQ, specifically designed for 

EFL populations, yielded a higher pooled effect size (Zr=0.301), highlighting the influence of tailored instruments in 

capturing SRL dynamics in language learning contexts. Cognitive processing scales produced the lowest effect size 

(Zr=0.188), possibly due to their narrower focus on specific cognitive aspects of SRL. Thus, the alignment between 

measurement instruments and the targeted SRL dimensions significantly influences observed effect sizes. 
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3.8.4 Study Design 

Path analysis studies reported a higher pooled effect size (Zr=0.312) compared to simple correlation designs 

(Zr=0.239), reflecting the nuanced insights from modeling direct and indirect effects of SRL on academic performance 

(Ejubović & Puška, 2019; Wolters & Hussain, 2014). This finding underscores the theoretical value of advanced 

analytical methods in revealing complex mediational relationships in educational research. 

3.8.5 Sensitivity Analyses 

Sensitivity analyses were conducted to evaluate the robustness of the pooled effect size by excluding outlier 

studies and recalculating the pooled estimate. Outliers were identified as studies with effect sizes greater than two 

standard deviations from the mean. After excluding these studies, the recalculated pooled effect size remained 

consistent (Zr=0.235, 95% CI: 0.201–0.269), affirming the stability of the findings. 

Further sensitivity analyses assessed the impact of alternative statistical models. Using a fixed-effects model, 

the pooled effect size decreased slightly (Zr=0.221), consistent with expectations given the model's assumption of 

homogeneity. However, the random-effects model, accounting for observed heterogeneity, provided a more reliable 

estimate of the relationship between SRL and academic performance. 

3.8.6 Implications of Subgroup and Sensitivity Analyses 

The subgroup analyses highlight the importance of contextual factors, such as population type and 

measurement instruments, in shaping the relationship between SRL and academic performance. These findings 

emphasize the need for tailored SRL interventions that account for specific educational settings and learner 

characteristics. Sensitivity analyses confirmed the robustness of the pooled effect size, reinforcing confidence in the 

reliability of the meta-analytic findings. Explicitly addressing contextual variations, future SRL interventions should 

integrate insights about disciplinary structures, cultural characteristics, and measurement precision to enhance 

effectiveness and generalizability across diverse educational settings. 

3.9 Discussion 

3.9.1 Theoretical Implications 

The findings of this meta-analysis substantiate the central tenets of self-regulated learning (SRL) theories, 

particularly Zimmerman’s cyclical model and Pintrich’s framework, both of which emphasize the critical interplay 

between cognitive, metacognitive, and motivational processes in driving academic success (Karlen et al., 2021; Xu et 

al., 2022). The pooled effect size of 0.239 (95% CI: 0.204–0.274, p<0.001) reinforces the significance of SRL as a robust 

predictor of academic performance. These results align with foundational theories suggesting that students who 

actively regulate their learning through goal setting, monitoring, and reflective practices tend to achieve better 

outcomes. Specifically, Zimmerman’s cyclical model clearly explains how adaptive feedback loops (forethought, 

performance, and reflection phases) enable learners to continuously refine their strategies in response to changing 

academic demands (Karlen et al., 2021). 

Moreover, the findings highlight the relevance of motivational and contextual factors as integral components 

of SRL. Pintrich’s framework underscores the importance of self-motivation and task value in shaping students’ 

engagement with SRL strategies (Xu et al., 2022). For example, the construct of teacher autonomy support 

significantly enhances intrinsic motivation, promoting SRL engagement and improved academic performance (Miao 

& Ma, 2023). This interaction is particularly relevant in interventions focused on reflective practices and explicit goal 

setting, as these reinforce students’ self-efficacy alongside cognitive strategies. Such positive effects align with 

Hadwin et al.’s (2022) findings, emphasizing structured SRL strategies' effectiveness in demanding contexts such as 

online learning.  

The moderating role of SRL in broader psychological and educational dynamics is also emphasized by the 

findings. Path analysis studies in this meta-analysis revealed higher effect sizes (Zr=0.312) compared to simple 

correlational studies (Zr=0.239), demonstrating the nuanced role of SRL in mediating the relationships between 

variables such as self-efficacy, psychological distress, and academic outcomes. Xu et al. (2022) observed that SRL 

mitigates the impact of psychological stress on academic performance, allowing students to maintain effective 
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learning strategies under adverse conditions. This mediating role underscores SRL’s capacity to bridge cognitive and 

emotional regulation, ensuring sustained academic engagement even in the presence of external stressors. 

However, the variability in SRL outcomes across educational contexts suggests that foundational theories may 

need refinement to account for diverse learner experiences and environmental influences. For example, EFL learners 

in this meta-analysis demonstrated moderate effect sizes (Zr=0.284), with cultural and linguistic factors significantly 

shaping their adoption of SRL strategies (Deng et al., 2022). In collectivist cultures, collaborative and socially 

mediated learning strategies are more prevalent, whereas individualistic cultures emphasize autonomous, self-

directed approaches (Redjeki & Hapsari, 2022). Similarly, disciplines like medicine, with their structured and 

rigorous curricula, naturally promote SRL, resulting in higher effect sizes (Zr=0.326) compared to general 

undergraduate settings (Hayat et al., 2020). Thus, while Zimmerman’s and Pintrich’s models remain fundamentally 

relevant, further theoretical refinement is needed to explicitly integrate cultural and disciplinary variations 

influencing SRL outcomes. 

The interaction between SRL and other psychological constructs also highlights gaps in the existing theoretical 

models. While self-efficacy and task value are recognized as central components of SRL (Afrashteh & Rezaei, 2022; 

Miao & Ma, 2023), other factors, such as emotional regulation and social support, are less integrated into mainstream 

theories. Xu et al. (2022), for example, emphasized emotional regulation’s mediating role in enhancing SRL 

effectiveness, particularly under high-stress conditions. Therefore, future theoretical models should explicitly 

incorporate emotional and social regulation elements into a holistic, integrative SRL framework. 

3.9.2 Practical Implications for Educational Practice 

The findings of this meta-analysis highlight the significant role of self-regulated learning (SRL) in fostering 

academic success, offering actionable insights for educational practice. Given the robust pooled effect size (Zr=0.239, 

95% CI: 0.204–0.274), SRL emerges as a critical component in higher education, underscoring the need for targeted 

interventions promoting self-regulation strategies among students. Educators and institutions can leverage these 

insights to implement effective SRL practices addressing diverse learner needs and institutional contexts. However, 

practical implementation may face challenges, including institutional readiness, resource availability, and educators' 

SRL training needs. 

One of the most compelling insights from this meta-analysis is the importance of tailoring SRL interventions 

to specific populations. Medical students, for example, demonstrated the highest pooled effect size (Zr=0.326), 

reflecting the structured and demanding nature of their curricula, which naturally fosters SRL through goal-setting, 

self-monitoring, and reflective practices (Hayat et al., 2020). This suggests that embedding SRL frameworks, such as 

problem-based learning and simulation exercises, into medical education can further enhance students’ ability to 

manage academic and clinical challenges. Similarly, the moderate effect size observed among EFL learners (Zr=0.284) 

indicates that culturally and linguistically sensitive interventions are crucial in supporting these students. Strategies 

that incorporate collaborative learning and metacognitive techniques, adapted to their unique cultural and 

educational contexts, can optimize SRL outcomes (Deng et al., 2022). 

Moreover, the effectiveness of SRL interventions is closely linked to their alignment with key components of 

self-regulation, including goal-setting, self-monitoring, and reflection. Research by Miao and Ma (2023) emphasizes 

the role of teacher autonomy support in fostering these practices. Educators can encourage students to set realistic 

academic goals, monitor their progress, and reflect on their learning outcomes, thereby enhancing their engagement 

and persistence. For instance, structured reflection activities, such as learning journals or guided peer feedback, can 

provide students with opportunities to critically evaluate their strategies and make necessary adjustments. Such 

practices not only improve immediate academic outcomes but also equip students with lifelong learning skills that 

are essential in an ever-evolving educational landscape (Bernardo et al., 2022). 

Another practical implication is the need for discipline-specific SRL strategies. Students in critical thinking-

intensive fields, such as the sciences and engineering, may benefit from interventions that emphasize analytical and 

reflective skills. Conversely, students in less structured disciplines may require more explicit guidance in adopting 

SRL strategies. This aligns with findings by Andini et al. (2023), who observed that the disciplinary context 

significantly influences the adoption and effectiveness of SRL practices. Institutions should therefore consider the 

unique demands of each discipline when designing curriculum-based SRL interventions. 
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Additionally, educators must recognize the importance of motivational and emotional factors in enhancing 

SRL effectiveness. For example, interventions that incorporate techniques to boost self-efficacy and emotional 

regulation, such as mindfulness training or resilience workshops, can further enhance students’ ability to engage in 

self-regulation (Afrashteh & Rezaei, 2022; Xu et al., 2022). Integrating these psychological supports into SRL 

programs can help address the complex challenges students face, particularly in high-stress academic environments. 

The practical implications of this meta-analysis underscore the need for tailored, context-specific SRL 

interventions in higher education. By addressing population-specific needs, aligning strategies with key SRL 

components, and integrating motivational and emotional supports, educators can empower students to become 

proactive, reflective, and adaptive learners, thereby enhancing academic performance and preparing them for 

lifelong success. 

3.9.3 Methodological Considerations 

The methodological landscape of self-regulated learning (SRL) research, as reflected in this meta-analysis, 

highlights key areas of strength and limitations influencing the robustness and applicability of findings. While the 

pooled effect size of 0.239 (95% CI: 0.204–0.274, p<0.001) underscores SRL's significance in enhancing academic 

performance, significant heterogeneity (I²=82%) indicates methodological and contextual variability across studies. 

Explicit identification of these sources of variability enhances interpretation clarity and guides future SRL research 

methodologies. 

One of the primary methodological strengths of this meta-analysis lies in its reliance on validated instruments 

for measuring SRL. Tools like the Motivated Strategies for Learning Questionnaire (MSLQ) were widely employed, 

demonstrating their utility in capturing comprehensive SRL constructs, including cognitive, metacognitive, and 

motivational dimensions. The consistency of effect sizes reported with the MSLQ (Zr=0.252) highlights its reliability 

and applicability across diverse populations. However, other instruments, such as the English Self-Regulated 

Learning Questionnaire (ESRLQ) and cognitive processing scales, yielded more variable results (Zr=0.301 and 

Zr=0.188, respectively), reflecting differences in their focus and target populations. These variations underscore the 

need for harmonizing measurement tools to improve the comparability of results across studies (Kesuma et al., 2020). 

Despite the strengths of validated measurement instruments, the inconsistent operationalization of SRL across 

studies remains a critical limitation. SRL is a multidimensional construct, and its components—such as goal-setting, 

self-monitoring, and reflection—are sometimes emphasized differently in various instruments and studies. This lack 

of standardization complicates efforts to synthesize findings, as studies may capture different facets of SRL without 

fully addressing its integrative nature (Brydges et al., 2015; Wu et al., 2024). Future research should therefore develop 

and adopt comprehensive, universally recognized SRL measurement frameworks explicitly defining core constructs, 

facilitating consistent assessment across studies. 

Another key methodological consideration is the predominance of cross-sectional study designs in SRL 

research. While these designs are effective in identifying associations between SRL and academic performance, they 

are limited in their ability to establish causal relationships. For instance, while SRL is shown to enhance academic 

outcomes, it is equally plausible that high-performing students are more likely to develop and employ SRL strategies, 

suggesting potential bidirectional effects (Wu et al., 2024; Zarei Hajiabadi et al., 2023). Thus, future longitudinal 

studies are essential to clarify SRL’s developmental trajectory, causal directionality, and sustained impact across 

educational contexts. 

Sample diversity is another methodological issue that warrants attention. Many studies included in this meta-

analysis focused on homogeneous populations, such as undergraduate or medical students, limiting the 

generalizability of findings to other educational contexts. For example, vocational learners, non-traditional students, 

and those from underrepresented cultural or socioeconomic backgrounds were underrepresented in the included 

studies. Future research must explicitly broaden sample diversity, including vocational and culturally diverse 

learners, to comprehensively understand how contextual factors influence SRL across varied educational 

environments (Deneen et al., 2022; Panadero, 2017). 

Finally, publication bias poses a potential threat to the reliability of SRL research. Although this meta-analysis 

did not detect significant publication bias, as evidenced by Egger’s test (p=0.484) and Rosenthal’s fail-safe N (21,208), 

the presence of outlier studies highlights the importance of conducting sensitivity analyses to ensure robustness. 
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Additionally, including grey literature, such as theses and reports, in future reviews could mitigate potential biases 

arising from the selective publication of positive findings (Tsuji et al., 2020). 

The methodological considerations of SRL research underscore the necessity of addressing measurement 

inconsistencies, promoting longitudinal designs, increasing sample diversity, and mitigating potential publication 

bias. Explicit methodological improvements, including standardized instruments, broader population sampling, and 

robust longitudinal designs, will significantly strengthen SRL’s evidence base, improving applicability and 

generalizability across diverse educational settings. 

3.9.4 Limitations and Future Directions 

While this meta-analysis provides valuable insights into the relationship between self-regulated learning 

(SRL) and academic performance, several limitations should be acknowledged. Addressing these limitations in 

future research will enhance the robustness, generalizability, and depth of understanding in this field. 

A notable limitation of this meta-analysis is the heterogeneity among the included studies (I2=82%). This 

variability reflects differences in populations, SRL measurement instruments, study designs, and educational 

contexts. For example, the pooled effect sizes for medical students (Zr=0.326) and general undergraduate students 

(Zr=0.228) highlight how distinct academic demands influence SRL’s effectiveness. Additionally, the diversity in 

measurement tools, such as the Motivated Strategies for Learning Questionnaire (MSLQ) and the English Self-

Regulated Learning Questionnaire (ESRLQ), further complicates comparisons. Future research should prioritize 

standardized frameworks for assessing SRL that capture its multidimensional nature while accommodating 

contextual differences, as inconsistencies in operational definitions hinder the synthesis of findings (Brydges et al., 

2015; Kesuma et al., 2020). 

The predominance of cross-sectional study designs in the included studies is another limitation, as these 

designs provide only snapshots of the relationship between SRL and academic performance. While cross-sectional 

analyses are useful for identifying associations, they do not account for the temporal dynamics of SRL, such as its 

development over time or its long-term impact on academic outcomes. For instance, while SRL may enhance 

academic performance in a specific semester, its effects may differ across an academic program. Longitudinal studies 

are essential to explore how SRL evolves in response to changing academic demands and its sustained influence on 

performance (Kohen & Kramarski, 2012; Wu et al., 2024). 

A related limitation is the limited generalizability of findings due to homogeneous samples. Many studies 

included in this meta-analysis focused on undergraduate students, particularly those in traditional academic settings 

such as universities or medical schools. This focus excludes other important populations, such as vocational learners, 

non-traditional students, or those from diverse cultural and socioeconomic backgrounds. For example, EFL learners 

demonstrated moderate pooled effect sizes (Zr=0.284), emphasizing the need to understand how cultural and 

linguistic factors shape SRL strategies (Deng et al., 2022). Expanding research to include underrepresented groups 

will provide a more comprehensive understanding of SRL and its applicability across varied educational contexts 

(Deneen et al., 2022; Panadero, 2017). 

Additionally, this meta-analysis relied heavily on self-report measures of SRL, which are prone to biases such 

as social desirability and subjective overestimation. While validated instruments like the MSLQ offer robust 

frameworks, they may not fully capture the complexity of SRL in real-world settings. Incorporating objective 

measures, such as learning analytics or observational methods, could enhance the accuracy of future studies 

(Kesuma et al., 2020). Combining qualitative and quantitative approaches through mixed-methods research may 

also provide richer insights into the mechanisms underlying SRL and its interaction with other psychological and 

contextual factors (van der Graaf et al., 2023). 

Future research should also address publication bias, even though this meta-analysis did not find significant 

evidence of it (p=0.484 in Egger’s test). Including grey literature, such as theses and institutional reports, could 

mitigate biases resulting from the preferential publication of studies with significant findings (Tsuji et al., 2020). 

Moreover, advanced statistical techniques, such as meta-regression and structural equation modeling, should be 

employed to explore the complex interactions between SRL, motivation, and academic outcomes (Shengyao et al., 

2024). 

Despite this meta-analysis offers important contributions to understanding SRL’s role in higher education, 

future studies must address these limitations by standardizing measurement tools, expanding populations, 
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incorporating longitudinal designs, and adopting mixed-methods approaches. These efforts will not only strengthen 

the evidence base but also provide actionable insights to enhance SRL interventions across diverse educational 

settings. 

4. Conclusion 

This meta-analysis established a moderate positive relationship between self-regulated learning (SRL) and 

academic performance in higher education (pooled effect size Zr = 0.239), underscoring SRL’s value as an educational 

strategy. Factors such as population characteristics, measurement tools, and study design contributed significantly 

to observed variability. For instance, medical students showed higher effect sizes (Zr = 0.326) compared to 

undergraduate (Zr = 0.228) and EFL learners (Zr = 0.284), highlighting the influence of structured curricula, cultural 

contexts, and disciplinary factors. Additionally, findings reinforced SRL’s mediating role through relationships with 

self-efficacy, social support, and emotional resilience. Despite methodological rigor confirming the absence of 

significant publication bias, the study indicates that existing SRL theories require refinement to incorporate cultural 

and disciplinary variations explicitly. 

Educational institutions and practitioners are encouraged to integrate tailored SRL strategies such as 

structured goal-setting, reflective practices, and discipline-specific interventions into curricula. Institutional support 

through professional development and culturally adaptive resources will further facilitate effective SRL 

implementation. Future research should adopt longitudinal and mixed-method designs, standardized measurement 

frameworks, and more diverse global samples (including Asia, Africa, and Latin America) to enhance the theoretical 

clarity, practical applicability, and generalizability of SRL findings across diverse educational contexts. 

Author contribution 

Each author has read and approved the published version of the manuscript, has contributed sufficiently to 

the study, and agrees with the findings and conclusions. 

Conflict of Interest 

There are no competing interests. 

Funding 

Not applicable. 

Ethical statement 

All included studies were derived from publicly available, peer-reviewed publications, and no primary data 

collection involving human participants was undertaken. Thus, no ethical approval or informed consent was 

required for this research.  

Data availability 

Not applicable. 

Utilization of AI statement 

During the preparation of this work, the authors used ChatGPT to enhance the clarity of the writing. After 

using the ChatGPT, the authors reviewed and edited the content as needed and take full responsibility for the 

publication's content.  

References 

Afrashteh, M. Y., & Rezaei, S. (2022). The mediating role of motivated strategies in the relationship between 

formative classroom assessment and academic well-being in medical students: A path analysis. BMC Medical 

Education, 22(1). Scopus. https://doi.org/10.1186/s12909-022-03118-y 



Firdaus et al. RJHOTM 1(1): 2025 
 

18 

Alhadabi, A., & Karpinski, A. C. (2020). Grit, self-efficacy, achievement orientation goals, and academic performance 

in University students. International Journal of Adolescence and Youth, 25(1), 519–535. 

https://doi.org/10.1080/02673843.2019.1679202 

Andini, P., Gurendrawati, E., & Sumiati, A. (2023). The Influence of Learning Discipline and Learning Motivation on 

Self-Regulated Learning with Parenting Patterns as a Moderating Variable. International Journal of 

Multidisciplinary Research and Literature, 2(2), Article 2. https://doi.org/10.53067/ijomral.v2i2.101 

Bafeta, A., Trinquart, L., Seror, R., & Ravaud, P. (2013). Analysis of the systematic reviews process in reports of 

network meta-analyses: Methodological systematic review. BMJ, 347, f3675. 

https://doi.org/10.1136/bmj.f3675 

Bardach, L., Yanagida, T., Goetz, T., Jach, H., & Pekrun, R. (2023). Self-Regulated and Externally Regulated Learning 

in Adolescence: Developmental Trajectories and Relations With Teacher Behavior, Parent Behavior, and 

Academic Achievement. Developmental Psychology, 59(7), 1327–1345. Scopus. 

https://doi.org/10.1037/dev0001537 

Baziliansky, S., & Cohen, M. (2021). Emotion regulation and psychological distress in cancer survivors: A systematic 

review and meta‐analysis. Stress and Health, 37(1), 3–18. https://doi.org/10.1002/smi.2972 

Bernardo, A. B., Galve-González, C., Núñez, J. C., & Almeida, L. S. (2022). A Path Model of University Dropout 

Predictors: The Role of Satisfaction, the Use of Self-Regulation Learning Strategies and Students’ 

Engagement. Sustainability, 14(3), Article 3. https://doi.org/10.3390/su14031057 

Borenstein, M. (2023). How to understand and report heterogeneity in a meta-analysis: The difference between I-

squared and prediction intervals. Integrative Medicine Research, 12(4), 101014. 

https://doi.org/10.1016/j.imr.2023.101014 

Boulos, L., Ogilvie, R., & Hayden, J. A. (2021). Search methods for prognostic factor systematic reviews: A 

methodologic investigation. Journal of the Medical Library Association, 109(1), Article 1. 

https://doi.org/10.5195/jmla.2021.939 

Brydges, R., Manzone, J., Shanks, D., Hatala, R., Hamstra, S. J., Zendejas, B., & Cook, D. A. (2015). Self-regulated 

learning in simulation-based training: A systematic review and meta-analysis. Medical Education, 49(4), 368–

378. https://doi.org/10.1111/medu.12649 

Cho, M.-H., & Heron, M. L. (2015). Self-regulated learning: The role of motivation, emotion, and use of learning 

strategies in students’ learning experiences in a self-paced online mathematics course. Distance Education, 

36(1), 80–99. https://doi.org/10.1080/01587919.2015.1019963 

Cunha, J., Martins, J., Peseta, R., & Rosário, P. (2023). A self-regulation intervention conducted by class teachers: 

Impact on elementary students’ basic psychological needs and classroom engagement. Frontiers in 

Psychology, 14. Scopus. https://doi.org/10.3389/fpsyg.2023.1220536 

Dahri, N. A., Yahaya, N., Al-Rahmi, W. M., Aldraiweesh, A., Alturki, U., Almutairy, S., Shutaleva, A., & Soomro, R. 

B. (2024). Extended TAM based acceptance of AI-Powered ChatGPT for supporting metacognitive self-

regulated learning in education: A mixed-methods study. Heliyon, 10(8). Scopus. 

https://doi.org/10.1016/j.heliyon.2024.e29317 

Deneen, C., Ryan, T., & Prosser, M. (2022). ePortfolios for self-regulated learning: Pacific Journal of Technology 

Enhanced Learning, 4(1), Article 1. https://doi.org/10.24135/pjtel.v4i1.135 

Deng, X., Wang, C., & Xu, J. (2022). Self-regulated learning strategies of Macau English as a foreign language learners: 

Validity of responses and academic achievements. Frontiers in Psychology, 13. 

https://doi.org/10.3389/fpsyg.2022.976330 

Di, X., Zailani, M. A., & Ismail, W. M. (2020). Self-regulated learning strategies as academic self-management skills 

in Malaysian public universities. MOJEM: Malaysian Online Journal of Educational Management, 8(3), Article 3. 

Dogu, O., Karadas, A., & Eskin Bacaksiz, F. (2022). The relationships between self-regulated learning in clinical 

nursing practice and self-efficacy: A cross-sectional study among nursing students. Perspectives in Psychiatric 

Care, 58(4), 2107–2115. Scopus. https://doi.org/10.1111/ppc.13037 

Ejubović, A., & Puška, A. (2019). Impact of self-regulated learning on academic performance and satisfaction of 

students in the online environment. Knowledge Management & E-Learning: An International Journal, 345–363. 

https://doi.org/10.34105/j.kmel.2019.11.018 



Firdaus et al. RJHOTM 1(1): 2025 
 

19 

Farrukh, K., & Usmani, A. (2022). Self-regulated learning attributes of high-performing medical and dental students 

in teacher-centered culture. The Professional Medical Journal, 29(11), Article 11. 

https://doi.org/10.29309/TPMJ/2022.29.11.7064 

Frumos, F.-V., Leonte, R., Candel, O. S., Ciochină-Carasevici, L., Ghiaţău, R., & Onu, C. (2024). The relationship 

between university students’ goal orientation and academic achievement. The mediating role of 

motivational components and the moderating role of achievement emotions. Frontiers in Psychology, 14. 

https://doi.org/10.3389/fpsyg.2023.1296346 

Grant, S. P., Mayo-Wilson, E., Melendez-Torres, G. J., & Montgomery, P. (2013). Reporting Quality of Social and 

Psychological Intervention Trials: A Systematic Review of Reporting Guidelines and Trial Publications. 

PLOS ONE, 8(5), e65442. https://doi.org/10.1371/journal.pone.0065442 

Hadwin, A. F., Sukhawathanakul, P., Rostampour, R., & Bahena-Olivares, L. M. (2022). Do Self-Regulated Learning 

Practices and Intervention Mitigate the Impact of Academic Challenges and COVID-19 Distress on 

Academic Performance During Online Learning? Frontiers in Psychology, 13. Scopus. 

https://doi.org/10.3389/fpsyg.2022.813529 

Halmo, S. M., Yamini, K. A., & Stanton, J. D. (2024). Metacognition and Self-Efficacy in Action: How First-Year 

Students Monitor and Use Self-Coaching to Move Past Metacognitive Discomfort During Problem Solving. 

CBE Life Sciences Education, 23(2). Scopus. https://doi.org/10.1187/cbe.23-08-0158 

Hands, C., & Limniou, M. (2023). Diversity of Strategies for Motivation in Learning (DSML)—A New Measure for 

Measuring Student Academic Motivation. Behavioral Sciences, 13(4). Scopus. 

https://doi.org/10.3390/bs13040301 

Hapsari, A., & Fatmasari, T. A. (2022). Online Self-Regulated Learning Strategies in the Process of Writing 

Undergraduate Thesis: A Survey Study. Journal of English and Education (JEE), 8(2), 58–72. 

https://doi.org/10.20885/jee.v8i2.24333 

Hayat, A. A., Shateri, K., Amini, M., & Shokrpour, N. (2020). Relationships between academic self-efficacy, learning-

related emotions, and metacognitive learning strategies with academic performance in medical students: A 

structural equation model. BMC Medical Education, 20(1), 76. https://doi.org/10.1186/s12909-020-01995-9 

He, W., Zhao, L., & Su, Y.-S. (2022). Effects of Online Self-Regulated Learning on Learning Ineffectiveness in the 

Context of COVID-19. International Review of Research in Open and Distributed Learning, 23(2), 25–43. Scopus. 

https://doi.org/10.19173/irrodl.v23i2.5775 

Heikkinen, S., Saqr, M., Malmberg, J., & Tedre, M. (2023). Supporting self-regulated learning with learning analytics 

interventions – a systematic literature review. Education and Information Technologies, 28(3), 3059–3088. 

Scopus. https://doi.org/10.1007/s10639-022-11281-4 

Honicke, T., Broadbent, J., & Fuller-Tyszkiewicz, M. (2023). The self-efficacy and academic performance reciprocal 

relationship: The influence of task difficulty and baseline achievement on learner trajectory. Higher Education 

Research & Development, 42(8), 1936–1953. https://doi.org/10.1080/07294360.2023.2197194 

Karlen, Y., Hirt, C. N., Liska, A., & Stebner, F. (2021). Mindsets and Self-Concepts About Self-Regulated Learning: 

Their Relationships With Emotions, Strategy Knowledge, and Academic Achievement. Frontiers in 

Psychology, 12. Scopus. https://doi.org/10.3389/fpsyg.2021.661142 

Kassab, S. E., Al-Shafei, A. I., Salem, A. H., & Otoom, S. (2015). Relationships between the quality of blended learning 

experience, self-regulated learning, and academic achievement of medical students: A path analysis. 

Advances in Medical Education and Practice, 6, 27–34. https://doi.org/10.2147/AMEP.S75830 

Kesuma, A. T., Putranta, H., & Kistoro, H. C. A. (2020). Evaluation of the self-regulated learning model in high 

schools: A systematic literature review. Universal Journal of Educational Research, 8(10), 4792–4806. Scopus. 

https://doi.org/10.13189/ujer.2020.081051 

Kim, Y., Brady, A. C., & Wolters, C. A. (2020). College students’ regulation of cognition, motivation, behavior, and 

context: Distinct or overlapping processes? Learning and Individual Differences, 80, 101872. 

https://doi.org/10.1016/j.lindif.2020.101872 

Kohen, Z., & Kramarski, B. (2012). Developing Self-Regulation by Using Reflective Support in a Video-Digital 

Microteaching Environment. Education Research International, 2012, 1–10. https://doi.org/10.1155/2012/105246 



Firdaus et al. RJHOTM 1(1): 2025 
 

20 

Liu, J., Xiang, P., McBride, R. E., & Chen, H. (2020). Self-regulated learning strategies and achievement goals among 

preservice physical education teachers. European Physical Education Review, 26(2), 375–391. 

https://doi.org/10.1177/1356336X19859602 

Marler, J. L., Curry, K. Y., & Suda, K. J. (2014). Assessing the Quality of Database Search Strategies Utilized by Meta-

analyses That Evaluate Infectious Disease Drug Therapy. Therapeutic Innovation & Regulatory Science, 48(3), 

336–340. https://doi.org/10.1177/2168479013516774 

Martínez-García, A. (2022). Contributions of universal school-based mental health promotion to the wellbeing of 

adolescents and preadolescents: A systematic review of educational interventions. Health Education, 122(5), 

564–583. https://doi.org/10.1108/HE-07-2021-0106 

Men, Q., Gimbert, B., & Cristol, D. (2023). The Effect of Self-Regulated Learning in Online Professional Training. 

International Journal of Mobile and Blended Learning, 15(2). Scopus. https://doi.org/10.4018/IJMBL.318225 

Miao, J., & Ma, L. (2023). Teacher Autonomy Support Influence on Online Learning Engagement: The Mediating 

Roles of Self-Efficacy and Self-Regulated Learning. SAGE Open, 13(4). Scopus. 

https://doi.org/10.1177/21582440231217737 

Navarro, R., Vega, V., Bayona, H., Bernal, V., & Garcia, A. (2023). Relationship between technology acceptance 

model, self-regulation strategies, and academic self-efficacy with academic performance and perceived 

learning among college students during remote education. Frontiers in Psychology, 14. Scopus. 

https://doi.org/10.3389/fpsyg.2023.1227956 

Pachón-Basallo, M., de la Fuente, J., González-Torres, M. C., Martínez-Vicente, J. M., Peralta-Sánchez, F. J., & Vera-

Martínez, M. M. (2022). Effects of factors of self-regulation vs. Factors of external regulation of learning in 

self-regulated study. Frontiers in Psychology, 13. Scopus. https://doi.org/10.3389/fpsyg.2022.968733 

Palos, R., Magurean, S., & Petrovici, M. (2019). Self-Regulated Learning and Academic Performance – The Mediating 

Role of Students’ Achievement Goals. Revista de Cercetare Şi Intervenţie Socială, 67, 234–249. 

Panadero, E. (2017). A Review of Self-regulated Learning: Six Models and Four Directions for Research. Frontiers in 

Psychology, 8, 422. https://doi.org/10.3389/fpsyg.2017.00422 

Ragusa, A., González-Bernal, J., Trigueros, R., Caggiano, V., Navarro, N., Minguez-Minguez, L. A., Obregón, A. I., 

& Fernandez-Ortega, C. (2023). Effects of academic self-regulation on procrastination, academic stress and 

anxiety, resilience and academic performance in a sample of Spanish secondary school students. Frontiers in 

Psychology, 14. Scopus. https://doi.org/10.3389/fpsyg.2023.1073529 

Redjeki, G. P. D., & Hapsari, A. (2022). EFL undergraduate students’ online self-regulated learning strategies during 

covid-19 pandemic. Celtic : A Journal of Culture, English Language Teaching, Literature and Linguistics, 9(1), 

Article 1. https://doi.org/10.22219/celtic.v9i1.21066 

Reese, C., & Mittag, O. (2013). Psychological interventions in the rehabilitation of patients with chronic low back 

pain: Evidence and recommendations from systematic reviews and guidelines. International Journal of 

Rehabilitation Research, 36(1), 6. https://doi.org/10.1097/MRR.0b013e32835acfec 

Říčan, J., Chytrý, V., & Medová, J. (2022). Aspects of self-regulated learning and their influence on the mathematics 

achievement of fifth graders in the context of four different proclaimed curricula. Frontiers in Psychology, 13. 

Scopus. https://doi.org/10.3389/fpsyg.2022.963151 

Sáez-Delgado, F., Mella-Norambuena, J., López-Angulo, Y., Sáez, Y., & León-Ron, V. (2023). Invariant and 

suboptimal trajectories of self-regulated learning during secondary school: Implications focused on quality 

in higher education. Frontiers in Psychology, 14. Scopus. https://doi.org/10.3389/fpsyg.2023.1235846 

Shengyao, Y., Salarzadeh Jenatabadi, H., Mengshi, Y., Minqin, C., Xuefen, L., & Mustafa, Z. (2024). Academic 

resilience, self-efficacy, and motivation: The role of parenting style. Scientific Reports, 14(1). Scopus. 

https://doi.org/10.1038/s41598-024-55530-7 

Siregar, R. A., Lengkanawati, N. S., & Damayanti, I. L. (2024). Metacognitive strategies in mediating efl adult learners’ 

self-regulated language learning: a systematic review. LLT Journal: Journal on Language and Language Teaching, 

27(1), 252–272. Scopus. https://doi.org/10.24071/llt.v27i1.5502 

Suamuang, W., & Suksakulchai, S. (2022). Using Assignment Logs to Enhance Self-regulation Skills. International 

Journal of Information and Education Technology, 12(10), 1031–1036. 

https://doi.org/10.18178/ijiet.2022.12.10.1716 



Firdaus et al. RJHOTM 1(1): 2025 
 

21 

Tadesse, T., Asmamaw, A., Getachew, K., Ferede, B., Melese, W., Siebeck, M., & Fischer, M. (2022). Self-Regulated 

Learning Strategies as Predictors of Perceived Learning Gains among Undergraduate Students in Ethiopian 

Universities. Education Sciences, 12(7). Scopus. https://doi.org/10.3390/educsci12070468 

Tsuji, S., Cristia, A., Frank, M. C., & Bergmann, C. (2020). Addressing Publication Bias in Meta-Analysis. Zeitschrift 

Für Psychologie, 228(1), 50–61. https://doi.org/10.1027/2151-2604/a000393 

van der Graaf, J., Raković, M., Fan, Y., Lim, L., Singh, S., Bannert, M., Gašević, D., & Molenaar, I. (2023). How to 

design and evaluate personalized scaffolds for self-regulated learning. Metacognition and Learning, 18(3), 783–

810. Scopus. https://doi.org/10.1007/s11409-023-09361-y 

Wang, J.-K., Xue, H.-Q., & Wu, X.-F. (2023). Mental health and academic achievement among Chinese adolescents 

during COVID-19 pandemic: The mediating role of self-regulation learning. Social Psychology of Education, 

26(4), 1001–1015. Scopus. https://doi.org/10.1007/s11218-023-09772-4 

Wolters, C. A., & Hussain, M. (2014). Investigating grit and its relations with college students’ self-regulated learning 

and academic achievement. Metacognition and Learning, 10(3), 293–311. https://doi.org/10.1007/s11409-014-

9128-9 

Wu, M. Q., Cieslik, V. V., Askari, S., Hadwin, A. F., & Hood, M. (2024). Measuring the Complexity of Self-Regulated 

Learning and Academic Challenges for Adolescents in Canada. Journal of Psychoeducational Assessment, 42(3), 

293–307. Scopus. https://doi.org/10.1177/07342829231221851 

Xu, L., Duan, P., Padua, S. A., & Li, C. (2022). The impact of self-regulated learning strategies on academic 

performance for online learning during COVID-19. Frontiers in Psychology, 13. Scopus. 

https://doi.org/10.3389/fpsyg.2022.1047680 

Yeomans, C., Kenny, I. C., Cahalan, R., Warrington, G. D., Harrison, A. J., Hayes, K., Lyons, M., Campbell, M. J., & 

Comyns, T. M. (2018). The Incidence of Injury in Amateur Male Rugby Union: A Systematic Review and 

Meta-Analysis. Sports Medicine, 48(4), 837–848. https://doi.org/10.1007/s40279-017-0838-4 

Yoo, L., & Jung, D. (2022). Teaching Presence, Self-Regulated Learning and Learning Satisfaction on Distance 

Learning for Students in a Nursing Education Program. International Journal of Environmental Research and 

Public Health, 19(7). Scopus. https://doi.org/10.3390/ijerph19074160 

Yu, H.-H., Hu, R.-P., & Chen, M.-L. (2022). Global Pandemic Prevention Continual Learning—Taking Online 

Learning as an Example: The Relevance of Self-Regulation, Mind-Unwandered, and Online Learning 

Ineffectiveness. Sustainability (Switzerland), 14(11). Scopus. https://doi.org/10.3390/su14116571 

Zarei Hajiabadi, Z., Gandomkar, R., Ashrafifard, H., & Sandars, J. (2023). Self-Regulated Learning Diary 

Interventions and the Implications for Health Professions Education. Education Research International, 2023, 

1–10. https://doi.org/10.1155/2023/6783878 

Zhang, J.-Y., Liu, Y.-J., Shu, T., Xiang, M., & Feng, Z.-C. (2022). Factors associated with medical students’ self-

regulated learning and its relationship with clinical performance: A cross-sectional study. BMC Medical 

Education, 22(1), 128. https://doi.org/10.1186/s12909-022-03186-0 

Zhu, Y., Au, W., & Yates, G. (2016). University students’ self-control and self-regulated learning in a blended course. 

The Internet and Higher Education, 30, 54–62. https://doi.org/10.1016/j.iheduc.2016.04.001 
 


