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 Self-regulated learning (SRL) is a vital 21st-century educational competency 

that allows learners to plan, monitor, and evaluate their own progress. As 

artificial intelligence (AI) tools, such as chatbots, intelligent tutoring systems, 

and generative AI, become more prevalent in educational settings, the role 

these tools play in supporting SRL requires further investigation. This study 

presents a systematic review of 22 peer-reviewed articles published between 

2007 and May 2025  and retrieved from multiple academic databases 

including Scopus, ERIC, SpringerLink, and ScienceDirect, resulting 109 

relevant records. Using Winne and Hadwin's (1998, updated 2018) COPES 

framework, which offers a microanalytic view of SRL processes, this review 

maps how AI technologies support different phases of SRL. The findings 

show that most AI tools assist learners during the strategy enactment phase, 

while fewer address the phases of planning, understanding the task, and 

metacognitive monitoring. The reflective adaptation phase, central to the 

cyclical nature of SRL, is notably underrepresented. Cognitive and 

metacognitive aspects dominate in terms of dimensions, whereas motivational 

and emotional components are less frequently targeted. Over 80% of the 

studies reported positive impacts of AI on SRL behaviors, and approximately 

65% linked AI usage with improved academic performance. These results 

underscore the necessity of intelligent, responsive, and empathetic AI 

systems. Future development should focus on multi-phase, emotionally aware 

AI tools, particularly chatbots, that can offer personalized, continuous support 

throughout the entire SRL cycle. 
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1. INTRODUCTION  

Self-regulated learning (SRL) is increasingly recognized as a fundamental concept in contemporary 

education. SRL embodies learners’ capacity to take charge of their learning by setting goals, selecting 

appropriate strategies, monitoring progress, and reflecting on outcomes (Panadero, 2017). These processes 

enhance academic performance and equip learners with lifelong learning skills necessary for navigating a 

rapidly evolving, complex world (Blaschke, 2021; Vieriu & Petrea, 2025). 

Several theoretical frameworks have been proposed to conceptualize the dynamics of self-regulated 

learning (SRL). Two of the most influential are Zimmerman’s three-phase model (2000) and Winne and 

Hadwin’s COPES model (1998), both of which emphasize the cyclical nature of self-regulation. These models 

illustrate how learners interpret tasks, plan strategically, execute learning activities, and adapt their approaches 

through self-evaluation (Winne, 2023). Unlike Zimmerman’s cyclical model, COPES provides a microanalytic 

perspective on the dynamic interplay between cognitive and metacognitive processes. This makes COPES 

more suitable for mapping the functionalities of AI tools (Parra-Gavilánez & Totoy, 2024). AI's role in SRL is 
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more than just using static tools like LMS or video lectures; it provides real-time, adaptive support that 

traditional EdTech doesn't offer (Du, 2025). Despite the theoretical clarity, however, learners often struggle to 

master Self-Regulated Learning (SRL), particularly in setting meaningful goals, maintaining motivation, and 

effectively implementing metacognitive strategies (Diddee, n.d.; S. Li & Lajoie, 2022). 

In response to these challenges, the field of educational technology has undergone transformative 

shifts, particularly with the integration of artificial intelligence (AI). AI has evolved from merely enhancing 

administrative efficiency to playing a pivotal role in facilitating personalized, adaptive, and data-driven 

learning environments (Vieriu & Petrea, 2025). In the context of SRL, AI has significant potential to support 

learners in independently planning, monitoring, and evaluating their learning (Azevedo et al., 2022; T. Li, Yan, 

et al., 2025). 

Recent studies have shown that various AI tools, including intelligent tutoring systems, generative AI 

platforms, and AI-driven chatbots, are being used to support key components of self-regulated learning (SRL), 

such as goal setting, time management, self-reflection, and data-informed decision-making (Chang et al., 2023; 

Sun et al., 2025). For instance, educational chatbots can provide real-time feedback and guide learners through 

contextualized conversations tailored to their needs (Han et al., 2025). However, no systematic review has yet 

explicitly mapped how AI technologies support the various SRL phases as defined by well -established 

frameworks. 

The present study aims to address this gap by conducting a systematic review of how AI supports self-

regulated learning (SRL) across different educational levels and learning contexts. Guided by the COPES 

model (Winne & Hadwin, 1998), the review will analyze how AI applications contribute to the development 

of SRL competencies. The findings are expected to provide theoretical insights and practical guidance for 

designing AI-based educational tools that support learner autonomy and self-regulation more effectively.  

 

1.1 Theoretical Framework for Guiding This Systematic Review 

Over the last three decades, various theoretical models have been developed to understand and 

promote self-regulated learning (SRL). These models define the stages of autonomous learning and serve as 

conceptual tools that enable researchers and practitioners to design interventions that systematically strengthen 

students’ SRL competencies (Cleary et al., 2013; Panadero, 2017). One of the most widely adopted frameworks 

is the COPES model, proposed by Winne and Hadwin (1998). This model remains particularly relevant in 

technology-supported learning environments (Panadero, 2017; Winne, 2023). 

The COPES model conceptualizes SRL as a recursive, dynamic process unfolding in four phases: 

defining the task; setting goals and planning learning strategies; executing those strategies while monitoring 

their effectiveness; and adapting future approaches based on reflective evaluations. Each phase is shaped by 

five interrelated elements: Conditions, Operations, Products, Evaluations, and Standards. "Conditions" refers 

to internal factors, such as learners' prior knowledge, motivation, and interests, as well as external factors, such 

as task instructions or available resources. Operations describe a set of cognitive and metacognitive processes 

summarized by the acronym SMART: searching, monitoring, assembling, rehearsing, and translating (Winne 

& Hadwin, 1998). Products are the tangible outputs of learning, such as notes, essays, or visual representations. 

Evaluations occur when learners assess the quality of their work. Standards represent the criteria or goals used 

to judge those outcomes (Bowen et al., 2022; Hooda et al., 2022). 

The COPES model stands out due to its adaptability in accommodating a wide range of variables that 

influence self-regulated learning and its ability to provide timely, context-sensitive educational support through 

technology (Chansa Thelma et al., 2024). For these reasons, this review adopts the COPES framework as its 

central analytical lens to examine how artificial intelligence contributes to learners’ engagement in self-

regulated learning (SRL). 

 

1.2 Artificial Intelligence in Educational and SRL Contexts 

Artificial intelligence (AI) is broadly understood as the ability of computer systems to mimic human 

cognitive functions, such as reasoning, decision-making, and natural language understanding (Zawacki-Richter 

et al., 2019). In recent years, AI has emerged as a major driver of transformation in education, enabling the 

design of more personalized, adaptive, and data-informed learning environments (Chen et al., 2024; Uden & 

Ching, 2024). 

One of AI's most notable contributions to learning is its ability to enhance SRL through technologies 

like adaptive learning systems, recommender tools, and generative AI applications. These systems assist 

learners by helping them design personalized learning plans, providing real-time feedback, automatically 

monitoring their progress, and suggesting alternative strategies when difficulties arise (Xu et al., 2025; Zhu, 

2025). Intelligent tutoring systems (ITS), for example, can analyze patterns of learner behavior and offer 

targeted, predictive interventions to support self-regulated learning (SRL) components such as goal setting and 

self-reflection. Similarly, platforms powered by generative AI, such as ChatGPT, have been used to facilitate 
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meaningful dialogue that promotes critical thinking and self-evaluation during the learning process (L. Zhang 

& Hew, 2025). 

Nevertheless, the effectiveness of AI in supporting self-regulated learning (SRL) depends on more 

than just the technological sophistication of these systems; it also depends on how well they align with 

established pedagogical principles and theoretical models. As Weber et al., (2025) noted, AI systems that 

overlook metacognitive functions are often less effective in fostering learner autonomy. In contrast, systems 

grounded in SRL frameworks, such as COPES, are more likely to provide timely, meaningful support tailored 

to individual learning needs. However, some AI systems may lack contextual sensitivity and create learner 

dependency (Simpson, 2025). This highlights the need for adaptive, learner-centered designs. Additionally, 

much of the literature published prior to 2020 may not reflect recent advancements in generative AI. Therefore, 

this review prioritizes studies from the last five years to capture the most relevant and current developments.  

While the integration of AI into education shows considerable promise, our understanding of how 

these systems function across all SRL phases and dimensions is incomplete. This systematic review aims to 

answer the following research questions: First, how have artificial intelligence technologies been applied to 

support SRL processes by the phases and constructs defined by Winne and Hadwin (1998) and later expanded 

by Winne (2018)? Second, to what extent has the use of AI improved students’ SRL capabilities and academic 

outcomes? This study will review the most recent empirical evidence in the field to provide a clearer 

understanding of AI’s potential in supporting SRL and offer recommendations for designing more human-

centered and pedagogically informed educational technologies. 

 

 

2. METHOD  

 

2.1. Literature Search 

This review's literature search was designed using the SPIDER framework, which is particularly 

effective for identifying qualitative and mixed-method empirical studies in education due to its focus on study 

design and evaluation outcomes (Cooke et al., 2012). The framework helped define and refine the scope of the 

review by focusing on five core elements: sample, phenomenon of interest, study design, evaluation outcomes, 

and research type. The target sample in this study consisted of students enrolled in formal education settings 

ranging from primary school to higher education. The main phenomenon of interest was the use of artificial 

intelligence to support self-regulated learning (SRL). Studies employing experimental, quasi-experimental, or 

exploratory designs were considered as long as they reported measurable outcomes related to SRL or academic 

performance. Qualitative, quantitative, and mixed-methods studies were included to capture a comprehensive 

picture of current practices and evidence. 

To identify relevant studies, several major academic databases were searched in May 2025, including 

Scopus, IEEE Xplore, SpringerLink, Wiley, ERIC, Taylor & Francis, Emerald, MDPI, and ProQuest. A 

carefully constructed keyword string was used to maximize the relevance of the search results. The search 

terms, written in English, included variations and synonyms of key concepts: "artificial intelligence," "AI 

tutor," "AI-driven learning," and "intelligent tutoring systems," combined with "self-regulated learning" and 

constrained to formal or higher education contexts using Boolean operators. The publication window was set 

from January 2007 to May 2025 to capture foundational studies and recent developments in the field. The 

extended timeframe is justified by foundational works published in the late 2000s that established the 

conceptual basis for AI-SRL research, particularly with regard to intelligent tutoring systems and early learning 

analytics. 

The initial search yielded 109 records. After removing 43 duplicate entries, 66 publications remained 

for further screening. The remaining 66 publications proceeded to the next stage of the review process, which 

involved screening the abstracts and evaluating the full texts based on predetermined inclusion and exclusion 

criteria. 

 

2.2. Screening and Study Selection 

Study selection was conducted in two stages, in alignment with the PRISMA systematic approach. 

First, two independent reviewers screened the titles and abstracts of the remaining 66 records. The inclusion 

criteria were: (1) studies involving the use of AI technologies (e.g., chatbots, intelligent tutoring systems, or 

generative AI) in formal educational settings, (2) research examining the role of AI in supporting one or more 

SRL phases (e.g., goal setting, monitoring, reflection), (3) studies describing the architecture, functionality, or 

learner interaction with AI, (4) empirical studies reporting learning or SRL-related outcomes, and (5) articles 

published in English in peer-reviewed journals or conference proceedings. Exclusion criteria included studies 

that applied AI solely for administrative purposes; studies that lacked an explicit link between AI and SRL; 

and articles that did not provide outcome-based evaluations or system descriptions (e.g., editorials, concept 

papers, or abstracts). 
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Following this screening, 43 records were excluded. The remaining 66 articles were reviewed in full 

text. The two reviewers reached an agreement of 87% (Fleiss’ Kappa = 0.76, p < .001), indicating a high level 

of consistency in applying the selection criteria. 

In the second stage, 20 articles were randomly selected to further assess inter-rater reliability during 

the full-text review. The reviewers reached a consensus on 16 out of 20 studies (Fleiss's kappa = 0.60, p = .03), 

with most disagreements arising from a lack of information about the interaction between AI and learners. 

After final deliberation, 22 articles were included in the review and moved forward for systematic analysis. 

Figure 1 summarizes our review process. 

Figure 1. PRISMA Flowchart 

2.3. Data Extraction and Analysis 

Records identified from: 
Databases (n = 109) 
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A thorough analysis was conducted by systematically extracting data from each selected publication 

using a coding framework based on the theoretical model proposed by Winne and Hadwin (1998) and later 

refined by Winne (2018, 2023). The first author performed the initial data extraction by reviewing the full texts 

of all 22 included articles. Each study was analyzed to capture relevant information across several dimensions: 

general bibliographic data (including title, authors, year of publication, educational domain, and participant 

level); the type and function of the AI intervention (e.g., adaptive tutor, chatbot, generative AI, or 

recommendation system); and the specific SRL components addressed. 

The analysis focused on two levels of SRL integration: the five COPES elements (Conditions, 

Operations, Products, Evaluations, and Standards) and the four primary SRL phases (task definition, planning 

and goal setting, strategy enactment, and adaptation through reflection). Additionally, the outcomes reported 

by each study were reviewed in terms of their effects on SRL development and academic achievement. The 

extracted data were organized thematically and coded to facilitate cross-study comparisons and pattern 

identification. Disagreements about coding or interpretation were resolved through iterative discussion. When 

necessary, a third reviewer was involved to reach a consensus. 

This analytical framework was designed to address the two central research questions of the review: 

the extent to which AI-supported interventions address the different phases and dimensions of SRL (RQ1) and 

the extent to which these interventions influence students' learning performance and metacognitive regulation 

(RQ2). A PRISMA flow diagram was constructed to visually present the study selection process, from 

identifying 109 studies initially to including 22 empirical articles finally.  

 

3. RESULTS AND DISCUSSION  

 

3.1. General Characteristics of the Reviewed Studies 

For this review, a total of 22 peer-reviewed, empirical articles were systematically analyzed. All of 

the selected publications were published in internationally indexed journals or reputable conference 

proceedings and were directly relevant to the intersection of artificial intelligence (AI) and self-regulated 

learning (SRL) in educational contexts. Most of the studies were published between 2023 and 2025, reflecting 

the growing academic interest in integrating AI into education and its potential to enhance learner autonomy 

and self-management. 

Most of the studies were conducted in higher education settings, particularly at the university level. 

The remainder spanned various levels of formal education, including primary and secondary schools, as well 

as online and hybrid learning environments.  

In the Indonesian context, familial and sociocultural factors also shape students’ capacity for SRL. 

Saputra et al., (2019) found that family support and parental involvement significantly influenced SRL 

behaviors among vocational high school students, underscoring the importance of contextual variables when 

applying AI-based interventions in diverse settings. 

Across the corpus, a common theme emerged: the focus on integrating AI, primarily in the form of 

chatbots and intelligent agents, into self-directed learning scenarios. These tools were generally used to guide 

students through planning, monitoring, and reflective processes within individualized learning pathways. 

The dominance of recent publications from 2023–2025 signals a rapid acceleration of interest in 

applying AI to support self-regulated learning (SRL), particularly as generative and adaptive technologies have 

become more accessible and pedagogically sophisticated. This trend highlights an ongoing shift in educational 

research toward leveraging AI to foster deeper cognitive and metacognitive engagement in learners, not just 

for content delivery. 
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Figure 2. Count of 22 Publications 

Most studies were conducted in higher education settings, primarily at the university level. A smaller 

number of studies explored the implementation of AI-based chatbots in secondary education and online 

learning environments. The primary areas of focus across these studies included second language acquisition 

(L2 learning), STEM disciplines (especially science and information technology), educational psychology, 

instructional technology, and emotional visualization tools. Several studies investigated using generative AI 

systems to scaffold learning through personalized interaction. 

Of the 22 studies reviewed, 16 specifically evaluated chatbots as interactive learning agents designed 

to facilitate various components of self-regulated learning. These chatbots were often integrated into digital 

platforms to assist with goal setting, strategy selection, and providing reflective feedback. The remaining seven 

studies concentrated on the motivational and metacognitive dimensions of AI integration. These studies 

examined the use of large language models, such as GPT, to support learners' emotional regulation, cognitive 

monitoring, and self-directed planning. 

The design and implementation of these chatbots generally followed two dominant approaches, 

summarized and compared in Table 1. 

Table 1. Design Approaches in AI-Based Chatbot Development 

Design Approach 
Number of 

Studies 
Key Characteristics 

Rule-based 9 
Operates on pre-defined scripts with limited, 

fixed-response capabilities 

NLP-driven (AI-based) 14 
Utilizes machine learning and natural language 

processing for adaptive interactions 

 

Several studies incorporated generative AI technologies, such as GPT-3, into chatbot systems to 

enable adaptive, context-sensitive responses tailored to students' learning states and behaviors (Lin et al., 2024; 

K. Wang et al., 2025). These models enabled the chatbots to adjust their feedback dynamically based on 

learners’ inputs, emotional cues, and progress patterns. This made the chatbots more responsive and effective 

in facilitating self-regulated learning (SRL). 

Of the 22 studies analyzed, the majority of AI implementations supported specific phases of self-

regulated learning as defined by the Winne and Hadwin (1998) model. Eighteen studies focused on the strategy 

enactment phase, helping students execute learning tasks with guided support. Twelve studies addressed the 

planning phase, particularly goal-setting and task management. Nine studies provided features that aligned 

with metacognitive monitoring, such as real-time progress tracking or prompting learners to reflect on their 

learning. However, only three studies targeted the adaptive reflection phase, which involves reevaluating 

learning strategies based on feedback and outcomes. 
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A complete summary of the reviewed studies, including their targeted self-regulated learning (SRL) 

phases and AI design features, is presented in Table 2. 
Table 2. Summary of the Reviewed Studies 

No  
First 

Author & 

Year 

Level of 

Educatio

n 

AI 

Type 

SRL 

Stage 

Co

ndi

tio

ns 

Op

era

tio

ns 

Pro

duc

ts 

Ev

alu

atio

ns 

Sta

nda

rds 

SRL 

Process 

Learning 

Achieveme

nt 

1 

(K. Wang 

et al., 

2025) 

Higher 

Educatio

n 

General 

AI 

Tools 

Performa

nce 
✓ ✓ ✓ ✗ ✗ 

Raised 

awareness 

in SRL 

Improved 

academic 

outcomes 

2 

(Shafiee 

Rad, 

2025) 

Secondar

y/College 

Intellige

nt Tutor 

Monitori

ng 
✗ ✓ ✓ ✓ ✗ 

Better 

comprehe

nsion 

process 

Enhanced 

reading 

performanc

e 

3 

(Z. Zhang, 

2025) 

General 

Students 

ChatGP

T, 

Copilot 

Preparati

on 
✓ ✓ ✗ ✗ ✗ 

Stimulate

d 

metacogni

tion 

Indirect 

gain via 

reflection 

4 

(Al-Abri, 

2025) 

Undergra

duate 

ChatGP

T 

Feedbac

k 
✗ ✓ ✓ ✓ ✗ 

Increased 

engageme

nt 

Support for 

learning 

tasks 

5 

(Ji et al., 

2025) 
College 

AI 

Literacy 

Goal-

setting 
✓ ✗ ✗ ✗ ✓ 

Triggered 

innovation 

drive 

Increased 

learning 

motivation 

6 
(Xu et al., 

2025) 

Adult/Ma

nagers 

AI 

Integrati

on 

Strategic ✓ ✗ ✗ ✓ ✓ 

Manageria

l SRL 

traits 

Boosted 

intention to 

use AI 

7 
(Liao et 

al., 2024) 

Not 

Specified 

Visual 

Recogni

tion AI 

Planning ✓ ✓ ✗ ✓ ✗ 
Aided in 

planning 

Better 

visualizatio

n use 

8 

(Hartley 

et al., 

2024) 

Independ

ent 

Learners 

AI 

Tutor, 

ChatGP

T 

Executio

n 
✗ ✓ ✓ ✓ ✓ 

Guided 

autonomo

us 

learning 

Helped 

structure 

study 

behavior 

9 

(Hartley 

et al., 

2024) 

Universit

y 

Adaptiv

e 

Learnin

g 

Feedbac

k 
✗ ✓ ✓ ✓ ✗ 

Personaliz

ed 

learning 

paths 

Tailored 

performanc

e 

improveme

nt 
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No  
First 

Author & 

Year 

Level of 

Educatio

n 

AI 

Type 

SRL 

Stage 

Co

ndi

tio

ns 

Op

era

tio

ns 

Pro

duc

ts 

Ev

alu

atio

ns 

Sta

nda

rds 

SRL 

Process 

Learning 

Achieveme

nt 

10 

(Ferreira 

da Rocha 

et al., 

2024) 

College 

Gamific

ation + 

OLM 

Evaluati

on 
✓ ✓ ✓ ✓ ✓ 

Encourage

d self-

monitorin

g 

Improved 

academic 

achieveme

nt 

11 

(Harvey, 

2024) 

Secondar

y 

AI-

based 

Platfor

m 

Monitori

ng 
✓ ✓ ✓ ✓ ✗ 

Better 

learner 

awareness 

Improved 

test 

performanc

e 

12 

(Chen et 

al., 2024) 

College/

Grad 

AI 

Chatbot 

Regulati

on 
✗ ✓ ✓ ✓ ✓ 

Strengthe

ned 

metacogni

tion 

Improved 

writing 

skills 

13 

(Ortega-

Ochoa et 

al., 2024) 

High 

School 

Educati

onal AI 

System 

Evaluati

on 
✓ ✓ ✗ ✓ ✗ 

Reflection 

and 

adjustmen

ts 

Partial 

improveme

nt 

14 

(Lin et al., 

2024) 

Higher 

Educatio

n 

Chatbot, 

GPT 
Planning ✓ ✓ ✗ ✗ ✓ 

Structured 

goal-

setting 

Improved 

learning 

efficiency 

15 

(Barberis 

& Jin, 

2023) 

High 

School 

AI 

Assistan

t 

Executio

n 
✗ ✓ ✓ ✗ ✗ 

Helped 

manage 

tasks 

Helped 

students 

stay on 

track 

16 

(Xia et al., 

2023) 

Universit

y 

AI for 

Writing 

Feedbac

k 

Feedbac

k 
✓ ✓ ✓ ✓ ✓ 

Reflection 

and 

revision 

Better 

writing 

performanc

e 

17 

(Kay, 

2023) 

Undergra

duate 

Dashbo

ards + 

AI 

Feedbac

k 

Monitori

ng 
✓ ✓ ✓ ✓ ✓ 

Enhanced 

self-

tracking 

Higher 

motivation 

and grades 

18 

(J. Wang 

et al., 

2022) 

Universit

y 

AI-

supporte

d 

MOOCs 

Evaluati

on 
✗ ✓ ✓ ✓ ✗ 

Reinforce

d 

evaluation 

skills 

Performanc

e slightly 

improved 

19 

(T. Li, 

Yan, et 

al., 2025) 

K-12 

AI + 

Learnin

g 

Analytic

s 

Planning ✓ ✓ ✗ ✗ ✗ 

Better 

preparedn

ess 

Not 

specified 
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No  
First 

Author & 

Year 

Level of 

Educatio

n 

AI 

Type 

SRL 

Stage 

Co

ndi

tio

ns 

Op

era

tio

ns 

Pro

duc

ts 

Ev

alu

atio

ns 

Sta

nda

rds 

SRL 

Process 

Learning 

Achieveme

nt 

20 
(T. Li, 

Nath, et 

al., 2025) 

College 
GPT 

Tutor 

Executio

n 
✗ ✓ ✓ ✗ ✗ 

Direct 

task 

support 

Limited 

learning 

gains 

21 (Martín-

Rodríguez 

& 

Madrigal-

Cerezo, 

2025) 

Pre-

Service 

Teachers 

AI-

Coachin

g 

System 

Feedbac

k 
✓ ✓ ✓ ✓ ✓ 

Growth in 

reflection 

Strong 

performanc

e 

improveme

nt 

22 

(Wong & 

Viberg, 

2024) 

Secondar

y 

AI-

Personal

ized 

Feedbac

k 

Monitori

ng 
✓ ✓ ✓ ✓ ✗ 

Ongoing 

adaptation 

Helped 

lower-

performing 

students 

 

3.2. RQ1: The Role of AI Across SRL Phases and Dimensions 

The self-regulated learning (SRL) model, first proposed by Winne and Hadwin (1998) and later 

refined by Winne (2018), conceptualizes learning as a cyclical process consisting of four interconnected 

phases. (1) Task definition: Learners interpret and understand the nature of the task. (2) Goal setting and 

planning: Learners formulate objectives and develop learning plans. (3) Strategy enactment: Learners execute 

and adjust selected strategies as needed. (4) Adaptation: Learners reflect on and modify strategies based on 

outcomes. These phases reflect a complex interplay of cognitive, metacognitive, and motivational processes 

that require active learner engagement and autonomy. 

In the digital era, artificial intelligence (AI) has emerged as a promising tool for supporting various 

components of SRL. However, an analysis of 22 selected studies revealed uneven distribution of AI support 

across the four phases. The Strategy Enactment phase received the most attention, with 19 out of 22 studies 

using AI to help students execute learning strategies. In this phase, AI typically functions as a virtual guide, 

delivering step-by-step feedback and prompting learners with targeted suggestions. It also sustains motivation 

through chatbot-based interactions and intelligent tutoring systems (D’Mello & Graesser, 2023). These 

technologies enabled learners to stay engaged and implement learning strategies more effectively and 

independently. 

The planning and goal-setting phase was addressed in 12 studies. In this context, AI applications 

frequently Provided assistance in time management, task segmentation, and formulating specific, measurable, 

and achievable learning goals (C. Zhang, 2023). Well-structured planning has been shown to improve 

subsequent strategy implementation, making this type of AI support essential to the SRL cycle.  

In contrast, the adaptation phase, central to reflective learning, was explored in only five studies. 

These interventions often involved emotion detection technologies, such as facial recognition or sensor-based 

systems, automated learning journals, and adaptive feedback mechanisms that respond to student performance 

in real time (Ortega-Ochoa et al., 2024). The scarcity of AI support in this phase is concerning, given that 

reflection and strategic adjustment are vital for long-term learning growth. 

The Task Definition phase received the least attention, with only three studies reporting AI tools that 

help students clarify and interpret task instructions. This lack of attention is significant because a clear 

understanding of task requirements is foundational to the rest of the SRL process. Some promising approaches 

have emerged, including natural language processing (NLP)-based systems designed to help students interpret 

assignment prompts more accurately (Alqahtani et al., 2023). However, these systems remain underutilized in 

educational settings. 

From a dimensional perspective, the cognitive aspects of SRL, such as information processing, 

elaboration, and the use of learning strategies, received the most AI support, appearing in 18 studies. The 

metacognitive dimension, which includes monitoring and regulating one’s learning processes, was addressed 

in 15 studies. The motivational dimension, which covers self-efficacy and goal orientation, was examined in 

12 studies. However, only four studies explicitly incorporated affective support, such as recognizing and 

responding to learners’ emotional states during study sessions.  
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The analysis reveals a consistent pattern: the dominance of chatbot-based AI interventions in the 

strategy enactment phase. Chatbots can deliver real-time feedback and guidance, making them ideal for 

supporting learners during task execution, which is likely why they dominate this phase. In contrast, far fewer 

studies have examined the use of AI in the earlier task definition phase or the later adaptive reflection phase, 

where more complex reasoning and emotional support are often necessary. Furthermore, NLP-driven chatbots 

appear to offer broader support across SRL phases due to their capacity for adaptive interaction. Unlike rule-

based systems, which are limited to static, predefined responses, NLP-driven chatbots can adapt to the user's 

needs. This uneven distribution underscores a significant design gap that must be addressed in future AI-

powered educational tools. 

In summary, although AI technologies have demonstrated considerable potential in supporting self-

regulated learning (SRL), existing applications tend to prioritize certain phases and dimensions over others. 

There is a notable concentration of AI functionality in the enactment and cognitive domains, with limited 

emphasis on initial task comprehension, reflective adaptation, and affective regulation. To advance the 

development of AI-assisted learning environments, future research and design should strive for greater balance, 

ensuring all phases and dimensions of SRL are supported. A more holistic approach would better equip students 

to become adaptive, reflective, and resilient learners.  

A cross-study comparison reveals that, although many AI interventions—especially NLP-driven 

chatbots and intelligent tutors are effective in facilitating the strategy enactment phase, limited progress has 

been made in supporting the earlier task definition and later adaptation phases. This suggests that design efforts 

are concentrated on action-based guidance rather than reflective or preparatory processes. For example, Xu et 

al. (2025) found that learners using a GPT-powered chatbot exhibited a "marked improvement in self-

monitoring frequency and goal adjustment accuracy," demonstrating how AI can bridge the gap between 

cognitive and metacognitive demands during the enactment phase. However, Barberis and Jin (2023) noted 

that, although students used AI to manage tasks, "the system's fixed feedback loop limited deeper reflective 

engagement," highlighting a core design limitation of rule-based systems. This imbalance in AI functionality 

across SRL phases indicates the necessity of more integrative AI designs that can support learners holistically. 

In conclusion, the analysis of the reviewed studies answers RQ1 by confirming that AI tools are 

concentrated primarily in the middle phases of the SRL cycle, especially in the strategy enactment phase, while 

offering limited scaffolding in task comprehension and reflective adaptation. This uneven distribution suggests 

that future AI development must expand beyond task execution to provide full-cycle SRL support. 

 

3.3. RQ2: The Impact of AI on SRL Processes and Academic Performance 

The integration of AI in education is increasingly recognized as a transformative influence that 

reshapes how students engage in self-regulated learning (SRL). Of the 22 studies reviewed, 20 reported 

measurable improvements in students' SRL behaviors. These improvements included more structured planning, 

increased progress monitoring frequency, and an enhanced ability to reflect on learning outcomes. These results 

imply that AI interventions, particularly those employing chatbots, adaptive tutoring systems, and intelligent 

feedback engines, can effectively foster autonomous learning behaviors. For instance, Chen et al. (2024) 

showed that a GPT-powered chatbot promoted deeper reflective processes and enhanced learners’ 

metacognitive self-awareness. Additionally, Martín-Rodríguez and Madrigal-Cerezo (2025) noted improved 

strategy regulation among pre-service teachers via emotion-sensitive AI feedback. 

In terms of academic performance, 15 studies found statistically significant gains in metrics such as 

test scores, writing quality, and completion rates. For instance, Liao et al. (2024) found that students receiving 

AI-supported SRL guidance outperformed their peers in traditional learning environments. However, four 

studies reported improved SRL behaviors without corresponding academic gains. These discrepancies were 

often attributed to short intervention durations or the limited adaptability of AI tools. For instance, Wang et al. 

(2025) found that, while learners became more aware of their SRL processes, the chatbot system failed to 

dynamically adjust its feedback, potentially weakening its instructional impact. 

These results support RQ2, indicating that AI tools can significantly strengthen SRL processes and 

lead to academic improvement. However, the effectiveness of these tools depends heavily on their adaptability, 

personalization, and emotional sensitivity. Poorly optimized systems may result in surface-level engagement 

or passive reliance on the tool itself. Therefore, future AI developments must prioritize pedagogically informed, 

human-centered design to ensure long-term efficacy in SRL growth and learning performance. 

 

3.4. Integrative Analysis of AI's Role in Self-Regulated Learning (SRL) 

The findings of this review confirm the growing role of artificial intelligence (AI) particularly NLP-

driven chatbots and intelligent tutors as a strategic tool that supports various aspects of self-regulated learning 

(SRL). AI is no longer limited to delivering content or automating instruction. Rather, it increasingly functions 

as a cognitive and metacognitive scaffold that enables students to plan, monitor, and regulate their own 



E-ISSN  2527-6891      88 
  
 

 

JP (Jurnal Pendidikan) : Teori dan Praktik 
Vol. 10, No. 1, April 2025, pp. 78-92 

learning. This transformation aligns with the SRL model proposed by Winne and Hadwin (1998) and refined 

by Winne (2018). This model frames SRL as a cyclical process of understanding tasks, planning strategies, 

executing those strategies, and reflecting adaptively.  

However, despite this promise, AI applications remain disproportionately focused on the strategy 

enactment phase. Chatbots, in particular, are commonly used to deliver reminders, provide real-time feedback, 

and support learners during task execution. Few systems are designed to support the initial phase of task 

definition, in which learners interpret instructions and align them with prior knowledge, or the adaptation phase, 

in which learners review performance and revise approaches. This lack of comprehensive phase coverage limits 

the extent to which AI can support SRL in all its complexity.  

The emotional and motivational aspects of SRL are also under-explored. While a few studies, such as 

those by Chen et al. (2024) and Ortega-Ochoa et al. (2024), incorporate emotion-sensitive features like 

sentiment tracking or adaptive feedback, most AI systems lack empathy-driven design principles. 

Consequently, these tools risk becoming mechanistic, offering transactional rather than transformative learning 

support. 

A deeper synthesis suggests that future AI designs must evolve beyond task-level assistance to become 

phase-sensitive and emotionally responsive systems. These tools should dynamically adjust their interactions 

based on learners’ cognitive states, emotional conditions, and personal learning goals. Only by embracing this 

holistic approach can AI fulfill its potential as a sustainable, equitable driver of self-regulated learning. 

 

3.5. Potential and Limitations of AI in Enhancing Self-Regulated Learning 

Artificial intelligence (AI) has substantial potential to enhance self-regulated learning (SRL), 

particularly by fostering learner autonomy, strategic planning, and self-monitoring. Nearly all of the reviewed 

studies acknowledged that AI, especially in the form of chatbots and adaptive systems, encouraged learners to 

set goals, monitor their progress, and evaluate their learning strategies more independently. These tools also 

provided consistent support that connected cognitive, metacognitive, and motivational processes. For instance, 

students who used personalized chatbot systems reported greater clarity in planning and more persistence when 

facing challenging tasks (Al-Abri, 2025; Hartley et al., 2024). 

 

Despite these positive trends, the review also revealed several limitations. One issue is the novelty 

effect: learners initially engage enthusiastically with AI tools, but motivation can wane if interactions become 

repetitive or lack personal relevance (Zhang, 2025). Additionally, many systems are designed for short-term 

use and lack features that encourage sustained reflective practice. Without ongoing personalization, learners 

may become dependent on AI guidance rather than internalizing self-regulated learning (SRL) strategies. 

 

Another critical limitation is the lack of longitudinal studies. Most of the reviewed interventions were 

short-term and did not examine whether improvements in SRL translated into lasting behavioral change. This 

raises questions about the long-term impact of AI-supported learning tools on students’ academic resilience 

and autonomy. Furthermore, younger learners, such as those in K–12 settings, often require more gamified or 

visual interactions than are currently offered by most AI systems, which tend to be text-based and cognitively 

demanding. 

Three design principles are essential to realizing AI’s full potential in self-regulated learning (SRL): 

(1) integration of emotionally adaptive dialogue and feedback, (2) alignment with theoretical models such as 

COPES to ensure support across all SRL phases, and (3) long-term usability through dynamic updating, 

personalization, and multimodal interaction. AI tools that meet these criteria can act as reflective partners in 

learners’ educational journeys, not merely as instructional agents. 

 

 

4. CONCLUSION  

This systematic review examined 22 empirical studies using the COPES framework as a guiding 

model to explore how artificial intelligence (AI) technologies support the phases and dimensions of self-

regulated learning (SRL). Addressing RQ1, the findings show that most AI interventions, particularly chatbots 

and adaptive learning systems, focus on the strategy enactment and planning phases of SRL. However, fewer 

tools support the task definition and adaptive reflection phases, which are essential for initiating and sustaining 

meaningful learning cycles. Cognitive and metacognitive dimensions received the most support, while 

emotional and motivational components were underrepresented in most AI designs. 

In answering RQ2, the review found that AI-enhanced tools generally improved students’ SRL 

behaviors, including goal setting, strategy use, and reflective thinking. Furthermore, 15 of the 22 studies 

reported statistically significant gains in academic achievement. However, some studies also highlighted the 

limitations of rule-based or short-duration AI interventions, which may lead to superficial engagement or 

dependency without fostering deeper conceptual understanding. 
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This review recommends a conceptual framework for future SRL-supportive chatbots that emphasizes 

three pillars: emotionally adaptive interaction, phase-sensitive alignment with models like COPES, and 

sustainable, personalized engagement over time. These design principles can guide the development of 

intelligent learning companions that support SRL across its full cycle from task comprehension to reflective 

adaptation. 

While the pedagogical benefits of AI are promising, ethical considerations must not be overlooked. 

Future developments should anticipate risks such as learner overdependence, data privacy concerns, and 

algorithmic bias. Addressing these issues requires transparent system design, clear consent mechanisms, and 

inclusive AI training datasets. 
This review not only applies the COPES model but also makes a novel contribution by identifying 

underexplored emotional and motivational dimensions and proposing design-focused implications for future 

AI-enhanced SRL systems. These findings bridge the gap between theoretical SRL models and real-world AI 

implementations in education, thereby enriching the current literature. 

For educators and instructional designers, the findings underscore the importance of critically 

evaluating and selecting AI tools that align with pedagogical objectives and self-regulated learning (SRL) 

theory. Teachers should be trained to not only use AI but also to meaningfully integrate it into lesson planning, 

student reflection activities, and formative assessment. Future research should explore the long-term impacts 

of AI on SRL persistence and investigate how affect-aware AI systems influence motivation, equity, and long-

term learner autonomy across different age groups. 

 

REFERENCES  

Al-Abri, A. (2025). Exploring ChatGPT as a virtual tutor: A multi-dimensional analysis of large language 

models in academic support. Education and Information Technologies. https://doi.org/10.1007/s10639-

025-13484-x 

Alqahtani, T., Badreldin, H. A., Alrashed, M., Alshaya, A. I., Alghamdi, S. S., Bin Saleh, K., Alowais, S. A., 

Alshaya, O. A., Rahman, I., & Al Yami, M. S. (2023). The emergent role of artificial intelligence, natural 

learning processing, and large language models in higher education and research. Research in Social and 

Administrative Pharmacy, 19(8), 1236–1242. 

Azevedo, R., Bouchet, F., Duffy, M., Harley, J., Taub, M., Trevors, G., Cloude, E., Dever, D., Wiedbusch, M., 

Wortha, F., & Cerezo, R. (2022). Lessons Learned and Future Directions of MetaTutor: Leveraging 

Multichannel Data to Scaffold Self-Regulated Learning With an Intelligent Tutoring System. Frontiers 

in Psychology, 13. https://doi.org/10.3389/fpsyg.2022.813632 

Barberis, N., & Jin, L. J. (2023). Model-free and model-based learning as joint drivers of investor behavior. 

Available at SSRN 4331775. https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4331775 

Blaschke, L. M. (2021). The dynamic mix of heutagogy and technology: Preparing learners for lifelong 

learning. British Journal of Educational Technology, 52(4), 1629–1645. 

https://doi.org/10.1111/bjet.13105 

Bowen, N. E. J. A., Thomas, N., & Vandermeulen, N. (2022). Exploring feedback and regulation in online 

writing classes with keystroke logging. Computers and Composition, 63, 102692. 

https://doi.org/10.1016/j.compcom.2022.102692 

Chang, D. H., Lin, M. P.-C., Hajian, S., & Wang, Q. Q. (2023). Educational Design Principles of Using AI 

Chatbot That Supports Self-Regulated Learning in Education: Goal Setting, Feedback, and 

Personalization. Sustainability, 15(17), 12921. https://doi.org/10.3390/su151712921 

Chansa Thelma, C., Hassan Sain, Z., Mpolomoka, D. L., Matthew Akpan, W., & Davy, M. (2024). Curriculum 

Design for the Digital Age: Strategies for Effective Technology Integration in Higher Education. 

International Journal of Research (IJR) International Journal of Research. 

https://doi.org/10.5281/ZENODO.13123899 

Chen, S., Cheng, H., & Huang, Y. (2024). Emotion Recognition in Self-Regulated Learning: Advancing 

Metacognition Through AI-Assisted Reflections (pp. 185–212). https://doi.org/10.1007/978-3-031-

64487-0_9 

Cleary, T. J., Durning, S. J., Gruppen, L. D., Hemmer, P. A., & Artino Jr, A. R. (2013). Self-regulated learning. 

Oxford Textbook of Medical Education, 465. 

Cooke, A., Smith, D., & Booth, A. (2012). Beyond PICO. Qualitative Health Research, 22(10), 1435–1443. 

https://doi.org/10.1177/1049732312452938 

D’Mello, S. K., & Graesser, A. (2023). Intelligent tutoring systems: How computers achieve learning gains 

that rival human tutors. In Handbook of educational psychology (pp. 603–629). Routledge. 

Diddee, A. (n.d.). A Critical Analysis Of Self-Regulated Learning And Strategy Use: SRL In NZ Schools’ 

Policies, And Some Implications For Students With Learning Difficulties. 

Du, Q. (2025). How artificially intelligent conversational agents influence EFL learners’self-regulated learning 



E-ISSN  2527-6891      90 
  
 

 

JP (Jurnal Pendidikan) : Teori dan Praktik 
Vol. 10, No. 1, April 2025, pp. 78-92 

and retention. Education and Information Technologies. https://doi.org/10.1007/s10639-025-13602-9 

Ferreira da Rocha, F. D., Lemos, B., Henrique de Brito, P., Santos, R., Rodrigues, L., Isotani, S., & Dermeval, 

D. (2024). Gamification and open learner model: An experimental study on the effects on self-regulatory 

learning characteristics. Education and Information Technologies, 29(3), 3525–3546. 

https://doi.org/10.1007/s10639-023-11906-2 

Han, I., Ji, H., Jin, S., & Choi, K. (2025). Mobile-based artificial intelligence chatbot for self-regulated learning 

in a hybrid flipped classroom. Journal of Computing in Higher Education. 

https://doi.org/10.1007/s12528-025-09434-8 

Hartley, K., Hayak, M., & Ko, U. H. (2024). Artificial Intelligence Supporting Independent Student Learning: 

An Evaluative Case Study of ChatGPT and Learning to Code. Education Sciences, 14(2), 120. 

https://doi.org/10.3390/educsci14020120 

Harvey, N. D. (2024). Non-Traditional Students’ Perceptions of the Learning Management System’s (LMS) 

Support of Self-Regulation Skills: A Phenomenological Study. 

Hooda, M., Rana, C., Dahiya, O., Rizwan, A., & Hossain, M. S. (2022). Artificial Intelligence for Assessment 

and Feedback to Enhance Student Success in Higher Education. Mathematical Problems in Engineering, 

2022, 1–19. https://doi.org/10.1155/2022/5215722 

Ji, Y., Zhong, M., Lyu, S., Li, T., Niu, S., & Zhan, Z. (2025). How does AI literacy affect individual innovative 

behavior: the mediating role of psychological need satisfaction, creative self-efficacy, and self-regulated 

learning. Education and Information Technologies. https://doi.org/10.1007/s10639-025-13437-4 

Kay, J. (2023). Foundations for Human-AI teaming for self-regulated learning with explainable AI (XAI). 

Computers in Human Behavior, 147, 107848. https://doi.org/10.1016/j.chb.2023.107848 

Li, S., & Lajoie, S. P. (2022). Cognitive engagement in self-regulated learning: an integrative model. European 

Journal of Psychology of Education, 37(3), 833–852. https://doi.org/10.1007/s10212-021-00565-x 

Li, T., Nath, D., Cheng, Y., Fan, Y., Li, X., Raković, M., Khosravi, H., Swiecki, Z., Tsai, Y.-S., & Gašević, D. 

(2025). Turning Real-Time Analytics into Adaptive Scaffolds for Self-Regulated Learning Using 

Generative Artificial Intelligence. Proceedings of the 15th International Learning Analytics and 

Knowledge Conference, 667–679. https://doi.org/10.1145/3706468.3706559 

Li, T., Yan, L., Iqbal, S., Srivastava, N., Singh, S., Raković, M., Swiecki, Z., Tsai, Y.-S., Gašević, D., Fan, Y., 

& Li, X. (2025). Analytics of self-regulated learning strategies and scaffolding: Associations with 

learning performance. Computers and Education: Artificial Intelligence, 8, 100410. 

https://doi.org/10.1016/j.caeai.2025.100410 

Liao, X., Zhang, X., Wang, Z., & Luo, H. (2024). Design and implementation of an <scp>AI</scp> ‐enabled 

visual report tool as formative assessment to promote learning achievement and self‐regulated learning: 

An experimental study. British Journal of Educational Technology, 55(3), 1253–1276. 

https://doi.org/10.1111/bjet.13424 

Lin, Y.-L., Wang, W.-T., & Hsieh, M.-J. (2024). The effects of students’ self-efficacy, self-regulated learning 

strategy, perceived and actual learning effectiveness: A digital game-based learning system. Education 

and Information Technologies, 29(16), 22213–22245. https://doi.org/10.1007/s10639-024-12700-4 

Martín-Rodríguez, A., & Madrigal-Cerezo, R. (2025). Technology-Enhanced Pedagogy in Physical Education: 

Bridging Engagement, Learning, and Lifelong Activity. Education Sciences, 15(4), 409. 

https://doi.org/10.3390/educsci15040409 

Ortega-Ochoa, E., Quiroga Pérez, J., Arguedas, M., Daradoumis, T., & Marquès Puig, J. M. (2024). The 

effectiveness of empathic chatbot feedback for developing computer competencies, motivation, self-

regulation, and metacognitive reasoning in online higher education. Internet of Things, 25, 101101. 

https://doi.org/10.1016/j.iot.2024.101101 

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

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

Parra-Gavilánez, L. F., & Totoy, A. D. (2024). Self-Regulated Learning Strategies: Zimmerman’s Cyclical 

Phases Model and Writing Skill (pp. 329–335). https://doi.org/10.1007/978-3-031-53382-2_31 

Saputra, W. N. E., Handaka, I. B., & Sari, D. K. (2019). Self-Regulated Learning Siswa SMK Muhammadiyah 

di Kota Yogyakarta: Kedua Orang Tua Berpengaruhkan? Jurnal Pendidikan (Teori Dan Praktik), 4(1), 

7. https://doi.org/10.26740/jp.v4n1.p7-11 

Shafiee Rad, H. (2025). Reinforcing L2 reading comprehension through artificial intelligence intervention: 

refining engagement to foster self-regulated learning. Smart Learning Environments, 12(1), 23. 

https://doi.org/10.1186/s40561-025-00377-2 

Sun, D., Xu, P., Zhang, J., Liu, R., & Zhang, J. (2025). How Self-Regulated Learning Is Affected by Feedback 

Based on Large Language Models: Data-Driven Sustainable Development in Computer Programming 

Learning. Electronics, 14(1), 194. https://doi.org/10.3390/electronics14010194 

Uden, L., & Ching, G. S. (2024). Activity Theory-based Ecosystem for Artificial Intelligence in Education 

(AIED). International Journal of Research Studies in Education, 13(5). 



JP (Jurnal Pendidikan) : Teori dan Praktik 
Vol. 10, No. 1, April 2025, pp. 78-92 
E-ISSN: 2527-6891, DOI: https://doi.org/10.26740/jp.v10n1.p78-92 91  
 

Tracing the Role of Artificial Intelligence in Self-Regulated Learning … (Roni Saftari) 

https://doi.org/10.5861/ijrse.2024.24000 

Vieriu, A. M., & Petrea, G. (2025). The Impact of Artificial Intelligence (AI) on Students’ Academic 

Development. Education Sciences, 15(3), 343. https://doi.org/10.3390/educsci15030343 

Wang, J., Lu, S., Wang, S. H., & Zhang, Y. D. (2022). A review on extreme learning machine. Multimedia 

Tools and Applications. https://doi.org/10.1007/s11042-021-11007-7 

Wang, K., Cui, W., & Yuan, X. (2025). Artificial Intelligence in Higher Education: The Impact of Need 

Satisfaction on Artificial Intelligence Literacy Mediated by Self-Regulated Learning Strategies. 

Behavioral Sciences, 15(2), 165. https://doi.org/10.3390/bs15020165 

Weber, F., Wambsganss, T., & Söllner, M. (2025). Enhancing legal writing skills: The impact of formative 

feedback in a hybrid intelligence learning environment. British Journal of Educational Technology, 

56(2), 650–677. https://doi.org/10.1111/bjet.13529 

Winne, P. H. (2023). Roles for Information in Trace Data Used to Model Self-Regulated Learning (pp. 175–

196). https://doi.org/10.1007/978-3-031-30992-2_11 

Winne, P. H., & Hadwin, A. F. (1998). Studying as self-regulated learning. In, DJ Hacker, J. Dunlosky, & AC 

Graesser. Metacognition in Educational Theory and Practice, 277–304. 

Wong, J., & Viberg, O. (2024). Supporting Self-Regulated Learning with Generative AI: A Case of Two 

Empirical Studies. LAK Workshops, 223–229. 

Xia, Q., Chiu, T. K. F., & Chai, C. S. (2023). The moderating effects of gender and need satisfaction on self-

regulated learning through Artificial Intelligence (AI). Education and Information Technologies, 28(7), 

8691–8713. https://doi.org/10.1007/s10639-022-11547-x 

Xu, X., Qiao, L., Cheng, N., Liu, H., & Zhao, W. (2025). Enhancing self‐regulated learning and learning 

experience in generative <scp>AI</scp> environments: The critical role of metacognitive support. 

British Journal of Educational Technology. https://doi.org/10.1111/bjet.13599 

Zawacki-Richter, O., Marín, V. I., Bond, M., & Gouverneur, F. (2019). Systematic review of research on 

artificial intelligence applications in higher education – where are the educators? International Journal 

of Educational Technology in Higher Education, 16(1), 39. https://doi.org/10.1186/s41239-019-0171-0 

Zhang, C. (2023). Influences of Problem-Based Online Learning on the Learning Outcomes of Learners. 

International Journal of Emerging Technologies in Learning, 18(1), 152 – 163. 

https://doi.org/10.3991/ijet.v18i01.36705 

Zhang, L., & Hew, K. F. (2025). Leveraging unlabeled data: Fostering self-regulated learning in online 

education with semi-supervised recommender systems. Education and Information Technologies, 30(6), 

7117–7142. https://doi.org/10.1007/s10639-024-13111-1 

Zhang, Z. (2025). The Role of Artificial Intelligence Tools on Chinese <scp>EFL</scp> Learners’ Self‐

Regulation, Resilience and Autonomy. European Journal of Education, 60(2). 

https://doi.org/10.1111/ejed.70127 

Zhu, M. (2025). Leveraging ChatGPT to Support Self-Regulated Learning in Online Courses. TechTrends. 

https://doi.org/10.1007/s11528-025-01075-z 

 

 

  



E-ISSN  2527-6891      92 
  
 

 

JP (Jurnal Pendidikan) : Teori dan Praktik 
Vol. 10, No. 1, April 2025, pp. 78-92 

BIOGRAPHIES OF AUTHORS  

 

 

Roni Saftari is a teacher at SMA Alfa Centauri. He began his teaching career in 2011 and 

pursued his postgraduate studies in economics education at Universitas Pendidikan 

Indonesia. He is currently actively teaching and mentoring high school students. He is deeply 

committed to improving the quality of teaching and learning, as well as student development. 

Roni Saftari’s research interests include teacher education, economics education, 21st-

century learning, learning management systems, school-based assessment, classroom 

research, the effectiveness of instructional media, and the implementation of differentiated 

instruction and social-emotional learning. He can be contacted via email: 

ronisaftari@upi.edu.  

  

 

Hari Mulyadi is a Professor at the Department of Economic Education, Faculty of 

Economics and Business Education, Universitas Pendidikan Indonesia, Bandung, Indonesia. 

His academic interests include economics education, entrepreneurship education, curriculum 

development, and instructional innovation in social sciences. He can be contacted at email: 

harimulyadi@upi.edu.  

  

 

Endang Supardi is a Senior Lecturer at the Department of Economic Education, Faculty of 

Economics and Business Education, Universitas Pendidikan Indonesia, Bandung, Indonesia. 

His research interests include economic learning in secondary education, economic literacy, 

learning strategies in social sciences, and the development of economic teaching materials. 

He can be contacted at email: endangsupardi@upi.edu.  

 

mailto:ronisaftari@upi.edu
mailto:harimulyadi@upi.edu
mailto:endangsupardi@upi.edu

