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Abstract 

Recently, artificial intelligence (AI) has increasingly been integrated into self-regulated 
learning (SRL), presenting novel pathways to support SRL. While AI-SRL research 
has experienced rapid growth, there remains a significant gap in understanding 
the intersection between AI and SRL, resulting in oversight when identifying critical 
areas necessitating additional research or practical attention. Building upon a well-
established framework, from Chatti and colleagues, this systematic mapping review 
identified 84 studies through the Web of Science, Scopus, IEEE Xplore, ACM Digital, 
EBSCOHost, Google Scholar, and Open Alex, to explore the intersection of AI and SRL 
within the four key aspects—Who (stakeholders), What (theory), How (methods), 
and Why (objectives). The main results revealed that AI-SRL research predominantly 
focuses on higher education students, with minimal attention to primary education 
and educators. AI is primarily implemented as an intervention—through adaptive 
systems and personalization, prediction and profiling, intelligent tutoring systems, 
and assessment and evaluation—to support students’ SRL and learning processes. 
The direct impact of AI on SRL was primarily focused on the metacognitive and cog-
nitive aspects of SRL, while the motivational aspect of SRL remains underexplored. 
While over one-third of the AI-SRL studies did not specify an SRL theory, Zimmerman’s 
model of SRL was the most frequently applied among those that did. The use of AI 
in supporting SRL has extended beyond just focusing on and supporting SRL itself; it 
has also aimed to enhance various educational and learning activities as end out-
comes such as improving academic performance, motivation and emotions, engage-
ment, and collaborative learning. The results of this study extend our understanding 
of the effective application of AI in supporting SRL and optimizing educational out-
comes. Suggestions for further research and practice are provided.
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Introduction
There is widespread recognition that self-regulated learning (SRL) stands as a crucial key 
to becoming a successful lifelong learner (e.g., Järvelä et al., 2016; Schunk & Zimmer-
man, 2013; Winne, 1995; Zimmerman, 2002). SRL studies strive to explore the nature, 
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origins, and development of how students regulate processes related to learning (Zim-
merman & Schunk, 2011) and how such regulation impacts learning processes and 
outcomes. These efforts over the decades have led to the development of different SRL 
models to advance our understanding of SRL (see Panadero, 2017) and showcase the 
impact of SRL on different aspects of learning processes and outcomes including but not 
limited to satisfaction of learning (Kara et al., 2021), engagement (Doo & Bonk, 2020), 
academic performance (Ning & Downing, 2012), motivation and self-efficacy (Baars & 
Wijnia, 2018; Baars et al., 2017).

As technology has increasingly become an integral part of the education system, the 
intersection of SRL and technology has been an important avenue of research to explore 
how students’ SRL can be supported by technology (Daumiller & Dresel, 2019; Heik-
kinen et al., 2023) or how students’ SRL can be facilitated within technology-enhanced 
learning environments (e.g., Berglas-Shapiro et  al., 2017; Lenne et  al., 2008). A recent 
game-change progress in technology is the evolution of Artificial Intelligence (AI). AI 
is a broad concept and there are different definitions of AI. For example, AI as intelli-
gent behaviour is described as the study of how to make computers do things at which, 
at the moment, people are better (Rich & Knight, 1991). This emphasizes AI’s goal of 
enabling machines to replicate tasks that require human intelligence. AI as human-like 
intelligence is outlined by Russell and Norvig (2010), who define AI as the development 
of systems that perceive their environment and take actions that maximize their chance 
of success. This focuses on creating agents that can autonomously interact with their 
surroundings to achieve specific goals. In this paper, however, we approach AI as a field 
of study and adhere to the definition put forward by John McCarthy, a pioneering figure 
in AI, who described it as "the science and engineering of creating intelligent machines, 
particularly intelligent computer programs" (McCarthy, 2007, p. 2). In this context, 
"intelligence" implies a machine’s capacity to replicate cognitive processes like learning, 
reasoning, and problem-solving, which are typically associated with human intelligence.

Siemens et al. (2022) argue that the AI advancements have led to the unprecedented 
ability to even contemplate the existence of a non-human cognition system so-called 
“artificial cognition” representing a paradigm shift in the intersection of education and 
technology in general but also SRL and technology in particular. In recent years, AI has 
been widely integrated into different educational contexts including online education, 
higher education, and K-12 education (e.g., Doğan et al., 2023; Hartley et al., 2024; Kong 
& Yang, 2024) which has brought to the forefront the necessity of a critical understand-
ing of its implications for SRL. As a result of this wide integration, research on AI-SRL 
has grown swiftly, presenting emerging pathways to support SRL.

Currently, research on AI and SRL in educational settings has been directed toward 
expanding our scientific methods, developing educational technologies and contributing 
to theory development. For instance, Fan et al. (2022) explored the use of multimodal 
data to enhance SRL measurements, whilst Wang and Lin (2023) demonstrated the 
potential of Long Short-Term Memory networks to analyse self-reported protocols and 
identify cognitive and metacognitive strategies within SRL. With regard to educational 
technology, Azevedo et al. (2022) developed MetaTutor, an intelligent tutoring system, 
which uses AI to provide adaptive support for SRL in science learning. With regard to 
theoretical contribution, we note that there is emerging interest in hybrid intelligence 
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and co-regulation, where researchers start to explore human-AI collaboration as a mani-
festation of shared regulation (Järvelä et al. 2023a). Conceiving human-AI regulation as 
an interactive symbiosis, with AI customizing support to suit human needs, enhances 
the learner’s regulatory capabilities. These strands collectively highlight AI’s multifaceted 
role in advancing SRL, suggesting that AI-SRL research commonly takes on multiple 
forms. These include using AI to measure and analyze SRL (Fan et al., 2022; Molenaar 
et al., 2023; Noroozi et al., 2019; Wang & Lin, 2023) and to support SRL activities (e.g., 
personalized feedback and scaffolding strategies) in the form of human-AI collaboration 
(Chiu, 2024; Järvelä et al. 2023b, 2023c; Molenaar, 2022).

Despite these advancements, scholars emphasize that further research is needed to 
explore alternative aspects of the AI-SRL intersection and its impact on the performance 
of both educators and learners. For instance, Siemens et al. (2022) point to the need to 
advance our understanding of human-AI cognition in learning contexts. Molenaar et al. 
(2023) emphasize the necessity for robust interdisciplinary collaborations to accelerate 
advancements in AI-supported SRL. Akinwalere and Ivanov (2022) highlight the neces-
sity for comprehensive insights into AI’s impact on learning. This includes examining 
the methodologies and approaches for effective AI deployment and identifying stake-
holders to understand who benefits and who might be disadvantaged by AI advance-
ments. In addition, there are concerns about the alignment between theory and practice 
in AI-supported SRL. This misalignment may create obstacles in translating research 
outcomes into practical classroom applications. Kitto et al. (2022) note that this discon-
nect can lead to skepticism among educators and learners about the reliability and appli-
cability of AI-SRL research findings. A deeper understanding of the AI-SRL intersection 
could lead to more tailored interventions that effectively embed AI into SRL practices. 
Moreover, it could help refine existing SRL models and develop new approaches that 
consider the paradigm shift brought about by AI, empowering learners, promoting 
metacognitive skills, and fostering autonomous learning behaviors. Therefore, this paper 
aims to fill these gaps by conducting a systematic literature review that explores the dif-
ferent aspects of the intersection of AI and SRL, utilizing a well-established framework 
to structure the review.

We found only one review on AI-SRL (Molenaar et al., 2023). This study introduced 
the SMA Grid, which visualizes data modalities (cognitive, metacognitive, affective) col-
lected from various sources to assess SRL, and describes different analytical approaches 
(unimodal, horizontal, vertical, integrated) to explain AI’s role in measuring SRL. While 
we acknowledge the significant contributions of this review to the learning sciences, we 
believe it does not fully capture the AI-SRL intersection for several reasons. First, the 
framework mainly relies on the authors’ own research, which may overlook much of the 
rapidly growing literature. Second, the SMA Grid emphasizes AI’s role in SRL measure-
ment, leaving out other important aspects such as AI’s purposes and methodologies in 
SRL. Third, it provides limited information on the theoretical concepts that underpin 
AI-SRL studies, which are essential for building trust in AI results among educators and 
students. Therefore, although the SMA Grid is a valuable starting point, we suggest that 
a more comprehensive understanding of the AI-SRL intersection is needed. Drawing 
from the well-established framework by Chatti et al. (2012), we map four key aspects: 
Who (AI-SRL stakeholders), What (AI-SRL theoretical frameworks), How (AI-SRL 
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implementation), and Why (AI-SRL objectives), to provide a thorough overview of this 
research intersection. This framework is further elaborated in the following section.

Conceptualizing the review and research questions
To structure our research on the intersection of AI and SRL, we adopted Chatti et al.’s 
(2012) framework, originally designed for learning analytics (LA). This framework cov-
ers four main aspects: Who, What, How, and Why. Who refers to the stakeholders tar-
geted by LA, such as students, educators, administrators, and researchers, each with 
unique perspectives and objectives. What focuses on the data used, including learn-
ing behavior and emotional data from various environments and technologies. How 
describes the methods and algorithms used in LA, like data mining and visualization. 
Why addresses the objectives of LA, such as providing feedback, assessing engagement, 
and predicting at-risk students (Banihashem et al., 2022).

Although Chatti et al.’s framework (2012) was originally developed to explain LA sys-
tems’ aspects, this framework can also be applied to delineate the key aspects of AI sys-
tems when considering their application within education. For example, in the context 
of AI in education, stakeholders encompass various actors such as educators, students, 
administrators, policymakers, and developers of educational technologies (Bogina et al., 
2022; Khosravi et al., 2022). Each stakeholder group may have distinct roles, responsibil-
ities, and expectations concerning the integration of AI systems in educational settings 
(Khosravi et al., 2022). Concerning the aspect of “What”, AI systems in education rely 
on diverse sources of data which can be captured and measured from learning environ-
ments (Cope et al., 2021; Fan et al., 2022), ranging from structured student records and 
assessments to unstructured text, audio, and video content. In terms of “How”, similar to 
LA systems, AI systems also rely on certain techniques and methods including machine 
learning or natural language processing to translate data into knowledge. Considering 
the “Why” aspect, any AI systems are used in education for a reason. For example, for 
educators, AI reduces workload (Hashem et al., 2024) by enabling timely, scalable feed-
back for large classes (Banihashem et al., 2022; Pardo et al., 2019) and enhancing assess-
ment practices (Swiecki et al., 2022). For learners, AI assists in improving writing tasks 
(Su et  al., 2023), developing metacognitive reasoning through AI-driven interactions 
(Ortega-Ochoa et al., 2024), supporting self-regulation (Afzaal et al., 2024), and promot-
ing engagement, motivation, collaboration, and improved learning outcomes (Huang 
et al., 2023b).

In this review, we distinguish AI from LA by emphasizing their roles, interaction 
levels, and functions within educational contexts. AI encompasses intelligent systems 
designed to replicate human cognitive processes by providing adaptive feedback and 
direct interventions that actively support and respond to the user need (Dignum, 2019; 
McCarthy, 2007; Russell & Norvig, 2010) that in this context it is learners’ SRL needs. 
This includes capabilities such as adaptive learning paths, and predictive support, which 
enable AI to act autonomously on insights and directly enhance SRL. By contrast, LA 
primarily applies statistical methods and data mining techniques to analyze educational 
and learning data, revealing insights into learning behaviors without necessarily pro-
viding adaptive interventions (Dignum, 2019). Therefore, as noted by Dignum (2019), 
the critical difference lies in AI’s ability to autonomously interact with and adjust to the 
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learner based on insights, while LA supports human decision-makers by interpreting 
data patterns to understand behaviors and trends. For instance, studies by Cogliano et al. 
and Tu et al. employed predictive models commonly associated with both AI and LA. 
However, within our review, they are classified under AI due to their active support for 
SRL through adaptive, responsive measures, rather than merely interpreting learning 
data, which is characteristic of LA (Chatti et al., 2012).

Our directed interest concerns SRL. While cognition and metacognition are typically 
identified as core regulated elements within SRL, there is theoretical variation concern-
ing the regulation of motivation. Specifically, Winne and Hadwin (1998) do not explicitly 
treat motivation itself as directly regulated; rather, motivation is considered an influen-
tial condition that drives or constrains learners’ engagement within SRL phases, espe-
cially at the onset of tasks. In contrast, Zimmerman (2002) positions motivation as a 
component regulated by learners alongside cognition and metacognition throughout the 
entire cyclical SRL process. Zimmerman highlights learners’ deliberate use of motiva-
tional strategies—such as setting personally meaningful goals, rewarding themselves, 
and proactively seeking feedback—as integral regulatory actions aimed at maintaining or 
enhancing motivation to achieve learning goals.

Recognizing the need for a comprehensive overview of AI-SRL, we leverage Chatti 
et  al.’s (2012) to systematically explore the intersection of AI and SRL within the four 
key aspects—Who (stakeholders), What (theory), How (methods), and Why (objectives). 
This backdrop sets the stage for our review, which addresses key questions surrounding 
the integration of SRL and AI.

1.	 Which stakeholder groups have predominantly been the focus of AI-supported SRL 
initiatives?

2.	 What prevailing theoretical frameworks underpin studies at the intersection of AI 
and SRL?

3.	 How has AI been implemented in SRL studies?
4.	 For what purposes has AI been deployed in support of SRL?

Methodology
A systematic mapping review was conducted using transparent and explicit methods 
(Gough et al., 2012; Zawacki-Richter et al., 2020), with the reporting here guided by the 
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA; Page 
et  al., 2021) and the Quality of Evidence Synthesis Tool (QuEST; Bond et  al., 2024). 
Unlike systematic reviews that synthesize evidence to understand a phenomenon’s 
effect, mapping reviews categorize literature to identify research gaps (Grant & Booth, 
2009; Sutton et  al., 2019). All search strategy details, including the PRISMA checklist 
and appendices, are available on OSF.1

1  https://​osf.​io/​j92bu/?​view_​only=​94e9f​62043​a741a​a8130​cfd40​bb906​a2

https://osf.io/j92bu/?view_only=94e9f62043a741aa8130cfd40bb906a2
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Search strategy and study selection

Search string development

A search string was developed (see Table 1), which was adapted from a recent meta-
review of AI in education research (Bond et al., 2024). It focused on identifying forms 
of AI and SRL, including terms related to self-directed learning. The decision not to 
use different permutations of SRL processes was made as it was reasoned that if a 
study was specifically focused on SRL, the term would be used in the title, abstract, 
or keywords. The search string also included AI terms related to generative AI, which 
differed from that used by Bond et al. (2024), including “large language model*” and 
“ChatGPT”. Education related terms (e.g., “undergrad*”) were also used during an 
initial scoping phase, but this excluded a lot of relevant studies, so the decision was 
made not to include them in the final search string.

Study identification

The initial search was conducted on 26 March 2024, with subsequent searches con-
ducted until 1 May 2024 to ensure the inclusion of extant literature (see OSF for 
full search details). The platforms and databases searched were the Web of Science, 
Scopus, IEEE Xplore, ACM Digital Library, and EBSCOHost (all databases), as these 
have been found suitable for evidence synthesis (Gusenbauer & Haddaway, 2020), 
alongside Google Scholar via Publish or Perish application (Harzing, 2007; limited to 
retrieving 1000 results). The journal Computers and Education: Artificial Intelligence 
was also manually searched via their website, as this was the journal where an influen-
tial AI and SRL paper had been published (Molenaar, 2022). The OpenAlex platform 
(Priem et al., 2022) was also later searched in May 2024 via evidence synthesis soft-
ware EPPI Reviewer (Thomas et  al., 2022), including bidirectional checking of cita-
tions and recommendations on identified items, after an initial portion of included 
items had been identified (see screening details in the next sub-section).

Initially, all platforms were searched for the time period 2014–2024, which resulted 
in over 5,000 items identified across the platforms after deduplication. However, 
given the scope of the project, the decision was made to limit the time period to 
2018–2024 and to only include items that included the phrases SRL, self-regulated 
learning, or self-regulation in the title or abstract. This led to a decision to delete the 
initial searches, refine the search string (see Table 2), and search the same databases 
again (see OSF2). Following the new search, 4,702 items were finally identified, with 
2,881 items then removed automatically within EPPI Reviewer (see Fig. 1).

Table 1  Initial search string

Artificial Intelligence “artificial intelligence” OR “machine intelligence” OR “intelligent 
support” OR “intelligent virtual reality” OR “chat bot*” OR “chatbot*” 
OR “machine learning” OR “automated tutor” OR “personal tutor*” 
OR “intelligent agent*” OR “expert system” OR “neural network” OR 
“natural language processing” OR “intelligent tutor*” OR “adaptive 
learning system*” OR “adaptive educational system*” OR “adaptive 
testing” OR “decision trees” OR “clustering” OR “adaptive system*” 
OR “AI-driven” OR “AI driven” OR “generative AI” OR “large language 
model*” OR “ChatGPT” OR “AI-supported regulat*”

AND

SRL “SRL” OR “self-regul*” OR “self regul*” OR “self-direct*” OR “self direct*”
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Inclusion/exclusion criteria and screening

In total, 1,821 items remained to be screened on title and abstract, applying the inclu-
sion and exclusion criteria (see Table 3). Studies were included if they were a primary 
empirical study published in English as a journal article or a conference paper after Janu-
ary 2018 and focusing on AI and SRL in a formal learning setting (primary/secondary 
school or higher education). To ensure inter-rater reliability between members of the 
research team, all authors blind-screened four rounds of 100 items, resulting in almost 
perfect agreement (Fleiss k = 0.80; Landis & Koch, 1977). The four authors involved in 
the screening process possess extensive expertise in technology-enhanced learning, with 
years of research and teaching experience in the field. Although some disagreements 
arose during the four rounds of screening, their collective expertise fostered consist-
ency and a shared understanding of the criteria, which further enhanced the reliability 
of the coding process. After disagreements were reconciled, priority screening within 

Table 2  Final search string

Artificial intelligence “artificial intelligence” OR “machine intelligence” OR 
“intelligent support” OR “intelligent virtual reality” OR 
“chat bot*” OR “chatbot*” OR “machine learning” OR “auto-
mated tutor” OR “personal tutor*” OR “intelligent agent*” 
OR “expert system” OR “neural network” OR “natural 
language processing” OR “intelligent tutor*” OR “adaptive 
learning system*” OR “adaptive educational system*” 
OR “adaptive testing” OR “decision trees” OR “clustering” 
OR “adaptive system*” OR “AI-driven” OR “AI driven” OR 
“generative AI” OR “large language model*” OR “ChatGPT” 
OR “AI-supported regulat*”

AND

SRL “self-regul*” OR “self regul*” OR "regulation of learning"

Fig. 1  PRISMA diagram of the search and screening strategy
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EPPI Reviewer was activated and the remaining 1,421 items were screened in single 
screener mode. Priority screening uses machine learning that prioritizes the order that 
which items are presented to the reviewer, with those it identifies as being the most rel-
evant presented first. In this case, the algorithm was trained using the exclusion codes 
‘EXCLUDE not about AI’ and ‘EXCLUDE not about SRL’, as well as the include code 
‘INCLUDE on Title & Abstract’ (see Fig. 2). After all items were screened on title and 
abstract, 146 full texts were retrieved to be screened on full text.

To continue ensuring inter-rater reliability at the screening on the full-text stage, 30 
items were blind screened by three authors, achieving substantial agreement (Fleiss 
k = 0.73). The same three authors then screened the remaining items, identifying 84 for 
data extraction and synthesis.

Data extraction

The data extracted for this mapping review included publication and study characteris-
tics (e.g., publication type and name, author countries, discipline, and country of study), 
the theoretical framework used (coded inductively), the role of AI in the study (e.g., 
intervention, analysis only), the type of AI used (e.g., intelligent tutoring system), the 
direct impact (cognitive, metacognitive or motivation), and the end outcome (e.g., aca-
demic achievement). The type of AI used was classified using the typology by Zawacki-
Richter et al. (2020) and Bond et al. (2024). All data were extracted manually within EPPI 
Reviewer, with an initial five coded by all authors to ensure agreement and understand-
ing of the coding scheme. The decision was then made for the second author to code 

Table 3  Final inclusion/exclusion criteria

Inclusion Exclusion

Focuses on AI and SRL Published before 2018

Empirical study Secondary research, editorials, conceptual

Journal articles & conference papers Published in a language other than English

Published between 2018 and 2024 Not related to AI and SRL

Formal learning setting Not K-12 or higher education

Published in English SRL not mentioned in the title or abstract

Fig. 2  Priority screening settings from within the EPPI Reviewer
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general publication characteristics, RQ1 and RQ3, and the first author to code RQ2 and 
RQ4. Please see the OSF2 for the full data extraction tool.

Data synthesis

As this is a mapping review, a narrative synthesis of the data was undertaken (Petticrew 
& Roberts, 2006), including a tabulation of the included studies (see Appendix 1), in 
order to provide an overview of the intersection of AI and SRL. Further tables are pro-
vided throughout the text, or included as appendices, accompanied by narrative descrip-
tions. In order to provide further visual overviews, and to facilitate public access to the 
data beyond this article, interactive evidence and gap maps3 were produced for each 
research question, using the EPPI Mapper application. An openly accessible web data-
base of the included studies is also available,4 created with EPPI Visualiser,5 which allows 
users to view and interact with the data through frequency and crosstabulation charts, 
with direct links to articles and options to export the data.

Limitations
Although this review followed a rigorous and transparent process, there are some limita-
tions that should be acknowledged. Firstly, the limited timeline and iterative nature of 
this project meant that a protocol was not pre-registered, however, the full search details 
are available on the OSF, as previously mentioned. The decision to limit the search string 
to include only permeations of ‘self-regulation’ may have excluded a number of studies, 
as might limiting the mention of self-regulation in the title or abstract. Other academic 
platforms could also have been searched, especially in light of the Global North geo-
graphical and linguistic bias in the strategy chosen (Stern & Kleijnen, 2020). Secondly, 
while our review aimed to capture a comprehensive set of studies at the intersection of 
AI and SRL, the decision to restrict inclusion to specific keywords in the title or abstract 
may have led to the exclusion of relevant work. In particular, studies that focus on SRL-
related processes—such as goal-setting, self-monitoring, or mastery learning—or that 
use alternative terminology not captured by our search terms may have been inadvert-
ently overlooked. Although our approach aligns with established previous literature 
synthesis protocols, it also introduces a methodological limitation. Future reviews may 
benefit from broader search strategies, such as keyword expansion or full-text searches, 
to provide a more inclusive representation of the literature. Thirdly, although system-
atic mapping reviews do not require a formal quality appraisal of included studies, stud-
ies that lacked a clear methodological description or that did not explicitly address SRL 
were excluded. We recommend that a full quality appraisal of studies should be con-
ducted in any future full systematic reviews to strengthen the reliability and interpretive 
value of their findings.

2  https://​osf.​io/​j92bu/?​view_​only=​94e9f​62043​a741a​a8130​cfd40​bb906​a2
3  Available via the OSF link above.
4  https://​eppi.​ioe.​ac.​uk/​eppi-​vis/​login/​open?​webdb​id=​667
5  https://​eppi.​ioe.​ac.​uk/​cms/​Defau​lt.​aspx?​tabid=​3790

https://osf.io/j92bu/?view_only=94e9f62043a741aa8130cfd40bb906a2
https://eppi.ioe.ac.uk/eppi-vis/login/open?webdbid=667
https://eppi.ioe.ac.uk/cms/Default.aspx?tabid=3790
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Findings
General publication characteristics

Interest in exploring the intersection of SRL and AI has grown substantially across the 
past three years, with 17 studies already published by the end of April 2024 (11 journal 
articles, and 6 conference papers). The 84 studies identified (see Appendix 1) have pre-
dominantly been published as journal articles (69%, N = 58) and are available as open 
access (74%, N = 62). Although authors were from 30 different countries (see Appendix 
2), they hailed predominantly from North America (48%, N = 40), Asia (32%, N = 27) or 
Europe (30%, N = 25), with hardly any authors from the Middle East (N = 4), Oceania 
(N = 3), South America (N = 2) or Africa (N = 1).

In total, 71% of studies used quantitative approaches (N = 60), primarily collecting log 
data (N = 37), assessment results (N = 34), and questionnaire responses (N = 30). Some 
also used multimodal data (N = 11) such as eye trackers, facial recognition software, 
electrodermal activity bracelets, and heart rate monitors. Mixed methods studies (24%, 
N = 20) collected data through interviews (N = 10), reflections (N = 5), written artifacts 
(N = 4), and observations (N = 3). Only four studies used qualitative methods, explor-
ing chatbots, ChatGPT’s facilitation of self-regulation, and automated feedback tools. In 
total, 37% of studies collected data over two months or longer (N = 31), while 31% lasted 
less than one week (N = 26), and 24% did not report the study length (N = 20). Given the 
importance of ethical considerations with AI (Bond et al., 2024), the studies were also 
coded on whether participants had granted their consent, as well as the accessibility of 
study data. In total, 54% of studies confirmed participant consent (N = 45), while 39 did 
not mention it. Data was openly accessible in one study, available upon request in 22 
studies, and not mentioned in 63% of studies (N = 53).

RQ1. Which stakeholder groups have predominantly been the focus of AI‑supported SRL 

initiatives?

As expected, an overwhelming majority of AI-supported SRL initiatives have included stu-
dents as participants (98%, N = 82) and, although the study by Hartley et al. (2024) did not 
have any participants, it explored how effective ChatGPT could be in supporting teenagers 
to learn how to program, thereby still supporting student learning. Indeed, only four stud-
ies featured educators, mostly to triangulate student opinions and researcher observations 
(e.g., Khidkikh et al., 2023). The mixed methods study by Kong and Yang (2024), however, 
explored the results of a 60-h professional development program for 31 in-service pri-
mary school educators in Hong Kong, which sought to measure their AI understanding 
and self-perceived competency, especially in regard to using generative AI. This was also 
the only study in the corpus that focused exclusively on the primary school level, with 20 
studies focused on middle or high school students (Year 6—13), and 74% of studies explor-
ing SRL in higher education (N = 62). Given that AI is currently in a transformative stage 
and considering that traditional human development involves an increasing capacity for 
self-regulation, we anticipate that research involving younger participants will expand as 
AI applications and adoption increase. Study participants were located within 20 different 
countries (see Appendix 4), with the majority of studies undertaken within North America 
(33%, N = 28) and Asia (25%, N = 21). 13 of the North American studies did not specify the 
exact country the students were located within, and 21% of studies did not specify which 
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country their participants came from. Disciplines that were the most researched across 
all studies were Natural Sciences, Mathematics & Statistics (39%, N = 33), followed by IT 
/ Computer Science (20%, N = 17), and Health & Welfare (17%, N = 14), with very little 
research undertaken with students in Education (10%) and Social Sciences (5%), and nine 
studies not specifying the disciplinary context (see Appendix 3). However, when cross-
tabulated by study level, 31% of studies with postgraduate data included students within 
Education, and 70% of studies with data from Middle and High School students were from 
Natural Sciences, Mathematics & Statistics (N = 14).

RQ2. What prevailing theoretical frameworks underpin studies at the intersection of AI 

and SRL?

Our review revealed that a considerable number of studies (N = 33, 39%) did not clearly men-
tion the underlying SRL theoretical framework for their study. From the remaining studies 
(N = 52, 61%), a large number of the studies built their framework on Zimmerman’s model of 
SRL (2002) (N = 23, 27%; e.g., Nuankaew, 2020; Wu et al., 2024). This model adopts a socio-
cognitive perspective of SRL (Panadero, 2017) and is structured around three phases: fore-
thought, performance, and self-reflection. In the forethought phase, students engage in task 
analysis, goal setting, planning, and regulating their self-motivation and perceptions of their 
ability to achieve the expected outcomes. In the performance phase, students observe and 
monitor themselves while executing the task. This self-observation and self-monitoring help 
students maintain cognitive awareness of their learning process and sustain their motivation 
until the task is completed. In the self-reflection phase, students evaluate their performance 
and consider the reasons for their success or failure, which in turn affects their self-satisfaction 
and future approach to tasks (Panadero, 2017; Zimmerman, 2002).

The second most frequently used SRL model is based on the work of Winne and Had-
win (1998) (N = 9, 11%), such as the studies by Borchers et al. (2024), Taub et al. (2022). 
Winne and Hadwin’s model (1998) comprises four phases: task definition, goal setting 
and planning, enacting study tactics and strategies, and metacognitively adapting study-
ing. These phases occur within five facets of the task, known as COPES (Conditions, 
Operations, Products, Evaluations, and Standards). Heavily influenced by Information 
Processing theory, this model emphasizes the cognitive and metacognitive aspects of 
SRL (Greene & Azevedo, 2007; Panadero, 2017).

Another identified theory is Co- and Socially Shared Regulation of Learning (SSRL), 
proposed by scholars such as Hadwin and Järvelä (Hadwin et al., 2011) (N = 4, 5%; e.g., 
Suraworachet et al., 2024). While this model is strongly influenced by Winne and Had-
win’s model of SRL (1998), it addresses the regulation of learning at a group level within 
collaborative learning contexts (Järvelä & Hadwin, 2013). According to this model, SRL 
occurs at three levels. At the first level, students regulate cognitive, metacognitive, moti-
vational, emotional, and behavioural aspects of their learning processes. Second, at the 
co-regulated level, regulation occurs through interaction between two students, where 
one student’s regulatory processes support or influence the other’s. Third, at the socially 
shared regulated level, regulation is collectively managed through collaborative interac-
tions among group members working towards common learning goals (Panadero, 2017).

Another model that grounded three studies (4%) was Pintrich’s (2000) model of 
SRL (Drzyzga et  al., 2023; Hartley et  al., 2024; Ye, 2022). Pintrich’s (2000) SRL model 
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identifies four key phases: (1) Forethought, planning, and activation; (2) Monitoring; 
(3) Control; and (4) Reaction and reflection. These phases intersect with four areas of 
regulation: cognition, motivation/affect, behavior, and context. Together, these phases 
and areas offer a holistic view of SRL processes such as goal setting, activation of prior 
knowledge, cognitive judgment, and evaluation of tasks (Panadero, 2017; Pintrich, 2000).

We also identified that several studies (N = 6, 7%) utilized different SRL models. Miller 
and Bernacki (2019) grounded their study in Butler and Cartier’s model of SRL (2018), 
which situates SRL within the context of individual-context interactions, environmen-
tal influences, students’ ongoing appraisal of the environment, and their experiences 
of motivation, emotion, and affect. Wiedbusch et al. (2023) employed Efklides’s model 
of SRL (2011), which includes two levels: the person level, characterizing general SRL 
functions such as self-concepts and motivation, and the task x person level, defining SRL 
based on the interaction between tasks and students, including self-monitoring and self-
observation during performance (Efklides, 2011; Panadero, 2017). Dever et  al. (2022) 
adopted Kramarski and Heaysman’s model of educators’ triple SRL-SRT processes 
(2021), which describes how educators activate students’ SRL. Watts et al. (2023) built 
their study on Nicol and Macfarlane-Dick’s Feedback-SRL model (2006), which proposes 
that self-regulated processes mediate how students use domain knowledge to set goals 
and develop strategies for achieving internal learning outcomes. Sáiz-Manzanares et al. 
(2023) focused on the metacognitive aspect of SRL, basing their research on Román and 
Poggioli’s (2013) classification of metacognitive strategies (self-knowledge, self-planning, 
and self-assessment). Du (2021) used the SMART framework (specific, measurable, 
attainable, relevant, and timely) to guide students in goal-setting (Doran, 1981).

Another notable finding is that several studies adopted an integrative approach to SRL, 
combining concepts from various models (N = 6, 7%). For instance, Nuankaew (2022) 
utilized two SRL theories: Bandura’s conceptualization, which includes self-observation, 
the judgmental process, and self-reaction (Bussey & Bandura, 1999), and Zimmerman’s 
SRL model (2002). Similarly, Zheng (2019) examined SRL at both the individual level, 
incorporating ideas from Pintrich (1995, 2000), Winne and Hadwin (1998), and Zim-
merman (2002), and at the group level, considering SSRL as described by Hadwin and 
Järvelä (Hadwin et al., 2011) (see Fig. 3).

Fig. 3  Predominant theoretical frameworks underpinning studies at the intersection of AI and SRL
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RQ3. How has AI been implemented in SRL studies?

AI was implemented primarily as an intervention to support student learning (75%, 
N = 63), such as implementing an intelligent tutoring system (e.g., Cerezo et al., 2020), 
with six of these studies also using it to perform further clustering or analysis to pro-
file student categories (7%). For example, Li et al. (2023) explored how machine learning 
could be used to detect goal-setting and planning activities within think-aloud tran-
scripts from medical students who used an intelligent tutoring system to diagnose vir-
tual patients. Ten studies also explored student acceptance of or their attitude towards 
using chatbots (e.g., Sáiz-Manzanares et al., 2023), ChatGPT (e.g., Ng et al., 2024), adap-
tive systems (e.g., Harati et al., 2021), and dashboards (e.g., Üstün et al., 2023).

The studies were further classified using the framework of Bond et al. (2024), adapted 
from Zawacki-Richter et al. (2020), which categorizes AI use into four overarching cat-
egories: profiling and prediction, intelligent tutoring systems, adaptive systems and 
personalization, and assessment and evaluation (see Fig. 4). The most frequent imple-
mentation of AI in SRL studies has been adaptive systems and personalization (41%, 
N = 35), followed closely by profiling and prediction (38%, N = 32), 33% (N = 28) explored 
intelligent tutoring systems, and only three studies explicitly focused on assessment and 
evaluation.

Adaptive systems and personalization

Articles using adaptive systems and personalization were classified into five sub-cate-
gories: chatbots/GenAI/NLP (N = 15), dashboards/automatic feedback (N = 11), facial/
mood recognition (N = 5), recommender systems (N = 4) and writing support systems 
(N = 3).

Chatbots have been used within a range of disciplines in the form of commercial 
applications (e.g., Xia et  al., 2023), bespoke chatbots developed for specific courses 
(e.g., Sáiz-Manzanares et al., 2023), or using the ChatGPT interface or API. Dahri et al. 
(2024) conducted a mixed-methods study where pre-service educators used ChatGPT 
to undertake SRL-based lesson plan creation tasks, which were then evaluated, along-
side using the Technology Acceptance Model to assess the pre-service educators’ atti-
tudes towards using generative AI. The impact of ChatGPT-based chatbots on SRL was 
explored within high school (Ng et al., 2024) and undergraduate (Lee et al., 2024) science 

Fig. 4  Categorization of AI implementation in studies at the intersection of AI and SRL
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education, as well as a high school Maths class in a two-week quasi-experiment (Wu 
et al., 2024). In a slightly different application of generative AI, Suraworachet et al. (2024) 
used the ChatGPT API as one of three models evaluated for predicting SRL, finding that 
the LLM and supervised machine learning both showed equivalently high performance 
across most tasks, although the LLM could not identify metacognitive challenges. Unfor-
tunately, there were two studies that did not provide any information about the chatbot 
or how it was implemented (Sandoval Peña et al., 2023), which limits its generalizability.

Dashboards were also a popular form of adaptive system used, although these stud-
ies predominantly focused on their use within Computer Science (N = 8). For exam-
ple, Afzaal et al. (2024) explored whether a dashboard that showed students’ predicted 
final exam performance and highlighted areas of learning improvement would affect 
their academic performance and support SRL. Likewise, Drzyzga et  al. (2023) sought 
to understand how dashboards could be better structured, so as to promote SRL and 
motivate students to use it, with Üstün et al. (2023) finding that consideration needs to 
be given to the stress and anxiety that constant feedback and monitoring can have on 
students.

Profiling and prediction

The majority of studies classified in this category used AI to profile students’ SRL behav-
iors by using clustering algorithms (e.g., Song et al., 2024), including exploring the use of 
machine learning to predict students’ regulatory patterns in collaborative learning tasks 
(Järvelä et al. 2023b; Vuorenmaa et al., 2023). However, only eight studies explored pro-
filing and prediction within primary, middle, or high schools, with six of these focused 
on use cases within STEM subjects. In a study of 144 high school and college students, 
Zheng et al. (2019) developed a semiautomated workflow to identify SRL and SSRL pat-
terns in chat messages. They first manually coded 886 chat messages and used it to train 
four machine learning algorithms (random forest, SVM, decision tree, and naïve Bayes), 
evaluating their performance using a tenfold cross-validation method. They then applied 
the model with the best generalization and performance (decision tree) to the rest of the 
chat messages to automatically detect SRL and SSRL.

Studies also used AI to predict academic performance and to help identify those stu-
dents who were at risk of dropping out. For example, Cogliano et al. (2022) developed a 
model that could accurately identify students who would earn a C- or less using pretest 
scores and event data that were available by the second week of a course, three weeks 
before their first exam. This model was then used on a new cohort of students to predict 
students who were in the at-risk risk group and provided with a training intervention, 
which improved their learning performance. Similarly, Tu et  al. (2023) developed and 
validated a model using PLS-SEM and machine learning to help predict student burnout 
in China, finding that BayesNet outperformed other classifiers in predicting both per-
ceived social support and burnout.

Intelligent tutoring systems

A range of intelligent tutoring systems (ITS) has been used to explore SRL (see Appen-
dix 1), including 11 studies focused on MetaTutor, an ITS that teaches students about 
the human circulatory system (e.g., Wiedbusch et al., 2023), and five studies considered 
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SRL phases and student confidence in virtual patient diagnosis in BioWorld (e.g., Huang 
et  al., 2023a). However, 61% (N = 17) of ITS studies have been undertaken across two 
weeks or less, with only four studies identified that explored SRL across two months or 
longer. For example, Harati et al. (2021) investigated whether students’ scores changed 
across eight SRL variables as a result of using ALEKS as the learning system during a 
semester Introduction to Chemistry course, as well as seeking to understand the stu-
dents’ perceptions towards using the system. ALEKS prompts students periodically to 
undertake progress checks to monitor their knowledge and retention, which then helps 
the system know when to adapt a learning path; a common reason given across the stud-
ies as to why ITS was chosen as a means to explore SRL. Ferreira da Rocha et al. (2024) 
also explored the effect of gamification on SRL, where users can spend points to buy 
solutions to problems, although no significant differences were found.

Assessment and evaluation

Three studies explored the use of systems that use automated grading or writing evalu-
ation. In Ortega-Ochoa et al.’s (2024) quasi-experimental study of an empathic chatbot 
(DSLab-Bot) in online learning, student assignments were automatically evaluated, and 
the dashboard used in Sun et al.’s study (2023) evaluated learning performance and mas-
tery levels over time. Watts et al. (2023) developed and tested an automated formative 
feedback tool with Chemistry students, whose design was based on SRL theory.

RQ4. For what purposes has AI been deployed in support of SRL?

Our review showed that the use of AI in supporting SRL has extended beyond just 
focusing on and supporting SRL itself; it has also aimed to enhance various educational 
and learning activities as end outcomes. Therefore, based on these diverse findings, we 
categorized AI’s impact on SRL into two main groups: direct impacts on SRL and end 
outcomes resulting from AI’s influence on SRL.

Direct impacts on SRL

To present the results of the direct impacts of AI on SRL, we organized them into 
three primary aspects: Cognition (including encoding, organization, elaboration, and 
inferencing), Metacognition (covering knowledge of cognition such as declarative, 
procedural, and conditional, as well as regulation of cognition including planning, 
monitoring, and evaluation), and Motivation (encompassing aspects like self-efficacy, 
attributions, goal orientation, and intrinsic motivation) (Schraw et al., 2006). Out of 
the 84 studies reviewed, 51 investigated the impact of AI on the cognitive aspects of 
SRL. Within this subset, AI’s impact on the metacognitive aspect of SRL emerged as 
the primary area of focus in 73 studies. In contrast, AI’s impact on the motivational 
aspect of SRL was examined only in 20 studies of the reviewed pool. This pattern 
indicates a strong emphasis on exploring how AI affects learners’ metacognitive and 
cognitive processes, with relatively less attention given to the role of AI in influencing 
motivation (see Fig. 5).

Among the reviewed studies, some focused on the impact of AI on only one aspect 
of SRL. For instance, Cogliano et  al. (2022) and Drzyzga et  al. (2023) examined the 
cognitive aspect, Dahri et  al. (2024) and Ferreira da Rocha et  al. (2024) explored 
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the metacognitive aspect, and Bouchet et  al. (2018) concentrated on the motiva-
tional aspect. Additionally, some studies addressed two or all three aspects of SRL. 
For example, Afzaal et al. (2021) and Borchers et al. (2024) focused on the cognitive 
and metacognitive aspects, while Harati et al. (2021) and Järvelä et al. (2023a, 2023b) 
investigated the impact of AI on all three aspects.

The impact of AI on various aspects of SRL exhibits considerable diversity across 
different studies. For example, Afzaal et  al. (2024) explored how AI, through intel-
ligent automatic action recommendation systems, can provide actionable insights to 
support students’ SRL activities. In contrast, other research, such as Burman et  al. 
(2020), employed AI techniques like educational data mining and machine learning 
to categorize students’ self-regulation strategies and analyze their correlation with 
academic performance. Further, studies by Chen and Li (2021) utilized hierarchical 
cluster analysis to profile students’ behaviors based on their SRL activities, aiming to 
better target their SRL needs and offer tailored support. Another innovative approach 
was taken by Cloude et al. (2020), who used AI to capture and analyze students’ emo-
tions. This analysis provided valuable implications for designing affect-sensitive Intel-
ligent Tutoring Systems that enhance emotion regulation. Similarly, Domínguez et al. 
(2021) employed process mining to explore how students self-regulate during the 
learning processes. Another adoption of AI in SRL is demonstrated by Cogliano et al. 
(2022), who focused on AI’s ability to predict students’ future SRL strategies, to use 
AI for educational support. These diverse applications of AI illustrate its multifaceted 
impact on SRL, highlighting its role in providing recommendations, categorizing SRL 
strategies, profiling SRL behaviors, analyzing emotions, exploring learning processes, 
and predicting SRL performance.

End outcomes

In reviewing 84 studies on the use of AI to support SRL, we identified a range of edu-
cational and learning activities that were positively impacted. The most frequently 
reported outcome was an improvement in academic performance, cited in 40 of the 
reviewed studies (48%), indicating that AI enhances students’ academic achievements in 

Fig. 5  Categorization of the direct impact of AI use in supporting SRL in studies at the intersection of AI and 
SRL
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different contexts such as language learning and writing skills (Wei, 2023) or mathemat-
ics (Liu et al., 2024) by supporting their SRL processes. AI interventions were also found 
to impact student motivation in 12 studies (14%) by supporting their SRL activities. 
The impact of AI on student motivation encompasses various dimensions: it increases 
motivation for learning (Wang et al., 2024), explores factors influencing student motiva-
tion to use AI for SRL activities (Dahri et al., 2024), and examines the effects of different 
motivational needs such as autonomy, relatedness, and competence on SRL (Xia et al., 
2023).

Additionally, 10 studies (12%) reported increased student engagement due to AI sup-
port, demonstrating that AI tools can make learning more interactive and captivating for 
students. Similar to its impact on motivation, AI’s influence on engagement is diverse, 
encompassing the use of AI to explore students’ cognitive and behavioral engagement 
(Huang et al., 2023a), their engagement levels in SRL activities (Raković et al., 2024), and 
to cluster students according to their engagement patterns (Rienties et  al., 2019). The 
impact of AI on students’ emotional states was observed in nine studies (11%), high-
lighting AI’s potential to address emotional aspects of learning. AI’s capacity to influence 
student emotions spans various dimensions, from exploring emotional states (e.g., con-
fusion, boredom, frustration, shame, etc.) during SRL activities (Bouchet et  al., 2018), 
to measuring affective learning (interest, focus, energy, tension, and valence) (Martens 
et al., 2020), to predicting the relationship between emotions (surprise, curiosity, enjoy-
ment, boredom, etc.) and the use of SRL strategies (Rienties et al., 2019).

It was also found that seven studies (8%) highlighted the role of AI in facilitating 
collaborative learning, enhancing group activities and peer interactions, leading to 
improved learning outcomes within a socially-shared regulation context (Järvelä et  al. 
2023c; Suraworachet et al., 2024). Reasoning skills were improved in five studies (6%), 
showing that AI can aid in developing critical thinking and logical reasoning abilities 
(Ortega-Ochoa et  al., 2024). In addition, four studies (5%) discussed the use of AI for 
creating student learning behavior profiles, which help tailor educational experiences to 
individual needs (Song et al., 2024). Furthermore, in four studies (5%), it was reported 
that the use of AL led to increased student satisfaction with the learning process (Nuan-
kaew, 2020; Xia et al., 2023).

In addition, AI tools helped reduce anxiety in three studies (4%), suggesting that AI 
can provide support to alleviate stress and anxiety in educational settings (Jebur et al., 
2022; Liao et al., 2024; Ng et al., 2024). Social interaction was enhanced in three studies 
(4%), highlighting AI’s role in fostering better communication and collaboration among 
students (Vuorenmaa et al., 2023; Wei, 2023; Zhang et al., 2022b). Also, two studies (2%) 
reported the role of AI in autonomous learning, where students became more independ-
ent and self-directed learners (Pierrot et al., 2021; Sandoval Peña et al., 2023)., AI’s role 
in facilitating knowledge construction was noted in two studies (2%), aiding students in 
building and organizing knowledge (Lee et  al., 2024; Wu et  al., 2024). In addition, AI 
interventions improved problem-solving skills in two studies (2%), helping students 
develop effective strategies to tackle challenges (Nagashima et  al., 2022; Zhang et  al., 
2022b). Two studies (2%) reported enhancements in reading performance, indicating 
AI’s potential to support reading literacy and comprehension skills (Hsu et al., 2022; Ser-
rano et al., 2018).
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AI support for students with learning disabilities was highlighted in one study (Cerezo 
et  al., 2020), showing its potential to provide inclusive education, and one study (1%) 
emphasized AI’s role in providing learning support, enhancing the overall learning expe-
rience (Hartley et al., 2024). AI’s role in providing social support was noted in one study 
(Tu et al., 2023), aiding in the creation of a supportive learning environment. One study 
(Darvishi et al., 2024) discussed the role of AI in student agency and taking control of 
their learning, and AI interventions helped address student burnout in one study (Tu 
et al., 2023), suggesting AI’s potential in promoting student well-being (see Fig. 6).

Discussion
In this study, we systematically synthesized and mapped the intersection of AI and SRL, 
building upon the framework by Chatti et al. (2012). Below, we discuss the general find-
ings and the results for each research question.

Discussion on the general findings

The substantial growth of AI-SRL publications in the past two years highlights the grow-
ing importance of integrating AI into SRL research. However, most studies are concen-
trated in North America, Asia, and Europe, with limited representation from the Middle 
East, Oceania, South America, and Africa. This imbalance may be due to funding lim-
itations and barriers to international collaboration, suggesting a need for more global 
participation to bring diverse perspectives to the field. This could foster a more compre-
hensive understanding of how AI can support SRL across different educational contexts 
and cultural settings. The predominance of quantitative approaches in AI-SRL research 
using multimodal data, log data, and assessment data followed by mixed methods high-
lights a trend towards a hybrid approach, empirical rigor, and measurable outcomes in 
this field. However, qualitative methods are notably underrepresented. This gap lim-
its our understanding of the nuanced experiences, perceptions, and contextual factors 
influencing AI’s effectiveness in SRL.

Most studies are short-term, with only about one-third extending beyond two months. 
Longitudinal research is needed to assess the long-term impacts and effectiveness of AI 
on SRL, which is crucial for understanding sustained changes and informing policy deci-
sions. In addition, the longitudinal perspective is crucial for evaluating the effectiveness, 

Fig. 6  Categorization of the end outcomes of AI use in supporting SRL in studies at the intersection of AI and 
SRL
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durability, and scalability of AI-driven approaches in enhancing SRL activities. The find-
ings concerning ethical considerations and data accessibility in AI-SRL research empha-
size the critical need for adherence to ethical guidelines, especially regarding participant 
consent and data transparency (Nguyen et  al., 2023; Noroozi et  al., 2024). Improving 
transparency and ethical practices is essential for ensuring trust and integrity in AI-SRL 
research (Bond et al., 2024).

Discussion on the findings of RQ1: stakeholders

In AI-SRL research, students are overwhelmingly the primary focus, with most studies 
examining how AI supports students’ SRL (e.g., Afzaal et al., 2024; Cogliano et al., 2022). 
This highlights a significant gap in overlooking educators, who are crucial in implement-
ing SRL strategies. Educators play a critical role in implementing and facilitating SRL 
strategies in the classroom, and their insights and experiences are vital for the effective 
integration of AI tools in educational settings to support students’ SRL activities (Phil-
lips et al., 2022).

Within the group of students as the main target group, there is a lack of research on 
AI’s role in supporting SRL for primary school students, pointing to a need for targeted 
studies that address the specific needs of this educational level. AI tools should be effec-
tively integrated to support SRL at the primary education level, as this stage is crucial for 
developing foundational SRL skills. Research indicates that AI could play a significant 
role in this developmental phase (McClelland & Cameron, 2012). On the other hand, the 
predominance of AI-SRL research in higher education contexts may be due to the higher 
autonomy and complexity of SRL processes at this level (Cassidy, 2011), which align well 
with the advanced capabilities of AI tools.

Discussion on the findings of RQ2: underlying theory

A significant number of studies did not explicitly mention their theoretical frame-
work, highlighting a need for greater transparency and rigor in in theoretical grounding 
within AI-SRL research. Establishing robust theoretical foundations is crucial for mak-
ing research findings interpretable, comparable, and useful for designing effective AI 
interventions in SRL (Bond et al., 2024). Aligning AI tools with established SRL theories 
enhances the credibility and applicability of results for educators (Kitto et al., 2023).

Among studies that did specify a theoretical framework, Zimmerman’s SRL model 
(2002) was the most frequently used, reflecting this model’s longstanding prominence in 
the literature. Initially introduced by Zimmerman (1986), this model represents one of 
the pioneering efforts to define and conceptualize SRL. It offers a comprehensive cyclical 
framework that illuminates the iterative nature of SRL processes (Zimmerman, 2002). 
Winne and Hadwin’s (1998) SRL model was also widely adopted, likely due to its focus on 
metacognition, which aligns with the prevalent focus on this aspect in AI-SRL research. 
SSRL (Hadwin et al., 2011) was noted for its emphasis on co-regulation and collaborative 
learning, relevant for AI applications that support social learning. Pintrich’s (2000) SRL 
model was used in several studies, likely due to its emphasis on motivation, which makes 
it particularly relevant for exploring AI’s impact on the motivational aspects of SRL.

The review also found a trend towards integrating multiple SRL models. This approach 
provides a more nuanced understanding that single-theory approaches might overlook. 
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This approach is particularly useful in addressing the diverse contexts in which SRL 
occurs. For instance, Bandura’s focus on self-efficacy and social learning complements 
Zimmerman’s cyclical model of SRL (2002), while the inclusion of SSRL accounts for 
collaborative learning environments (Hadwin et  al., 2011). This allows researchers to 
design AI interventions that are adaptable to various educational settings, from individ-
ual learning tasks to group-based projects. However, on the other hand, it necessitates 
careful consideration to maintain theoretical coherence and effective implementation.

Discussion on the findings of RQ3: AI implementation

AI was implemented primarily as an intervention to support student learning (e.g., Cer-
ezo et al., 2020). This focus on AI as an intervention likely stems from its effectiveness in 
providing personalized learning experiences, immediate feedback, and adaptive learn-
ing paths, which contribute to its widespread adoption (Afzaal et al., 2023). The review 
identified four categories of AI implementation in supporting SRL including adaptive 
systems and personalization, profiling and prediction, intelligent tutoring systems (ITS), 
and assessment and evaluation.

Adaptive systems and personalization emerged as the most researched AI imple-
mentation, reflecting the growing focus on tailored educational experiences. 
These systems, including chatbots, dashboards, and other personalized feedback 
mechanisms, are designed to address individual student needs, making learning 
more effective and engaging by providing real-time, personalized feedback which 
is crucial for fostering SRL (Afzaal et  al., 2024; Pardo et  al., 2019). For example, 
personalized and adaptive feedback can help students identify their strengths and 
weaknesses and adjust their learning strategies accordingly (Moon et  al., 2024). 
While this feedback helps students adjust their learning strategies, constant moni-
toring might also increase stress and anxiety (Üstün et  al., 2023). This highlights 
the need for careful consideration of the psychological effects of these technologies 
to ensure they support student well-being alongside academic performance.

The review found that most studies on profiling and prediction used AI to analyze 
SRL behaviors through clustering algorithms and to predict academic performance 
and dropout risks (e.g., Cogliano et al., 2022; Song et al., 2024). AI’s role in profil-
ing and prediction offers actionable insights that enhance learning regulation and 
enable targeted interventions to improve academic outcomes (Afzaal et  al., 2021; 
Lee & Chung, 2019). By identifying specific patterns in SRL and academic perfor-
mance, educators can offer personalized support to students who might otherwise 
be overlooked (Afzaal et al., 2021).

Findings on ITS show varied applications in studying SRL. Most ITS studies 
were short-term, lasting two weeks or less, with only four extending beyond two 
months. This may reflect the exploratory nature of early research, where shorter 
studies quickly assess effectiveness before longer investigations. ITS like MetaTutor 
(Cloude et al., 2020) and BioWorld (Huang et al., 2023a) excel in teaching complex 
subjects through interactive, individualized experiences, particularly in fields like 
medical education. ITS can provide highly interactive and individualized learning 
experiences, which are particularly useful in fields that require deep understanding 
and practical application, such as medical education (Mousavinasab et  al., 2021). 
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The detailed feedback and adaptive learning paths inherent in ITS like ALEKS dem-
onstrate how these systems can support SRL by helping students identify knowl-
edge gaps and adjust their learning strategies accordingly. The use of gamification 
in ITS, aimed at boosting engagement and motivation (Ferreira da Rocha et  al., 
2024), suggests that its effectiveness depends on thoughtful integration rather than 
just the presence of gamified elements. Further research is needed to optimize 
gamification in ITS for better SRL support and improved learning outcomes.

Few AI-SRL studies have focused on AI for assessment and evaluation, such as 
automated grading and writing evaluation (Ortega-Ochoa et  al., 2024). The lower 
focus on assessment and evaluation might suggest that this area is more challeng-
ing to address with AI, or perhaps less explored due to the complexity of developing 
reliable automated grading systems. Ensuring fairness, accuracy, and transparency 
in AI-driven assessment tools is critical, and these challenges might contribute to 
the limited number of studies in this category (Ferrara & Qunbar, 2022). Despite 
this, automated grading systems represent a shift toward more efficient and scala-
ble assessments, saving educators time and providing immediate feedback that sup-
ports SRL (Banihashem et al., 2024).

Discussion on the findings of RQ4: AI application

AI-SRL research predominantly focuses on enhancing cognitive and metacognitive 
processes. It supports students in processing and organizing information, which are 
crucial for learning, and helps them structure and connect knowledge for deeper 
learning. Additionally, AI aids metacognition by providing feedback, helping with 
study planning, and assessing progress, thereby fostering self-awareness and strate-
gic learning (Afzaal et al., 2024; Dahri et al., 2024). The limited focus on motivation 
reveals a research gap. While cognitive and metacognitive functions are crucial, 
motivation is also equally important. Sstudents’ confidence in their ability to per-
form a task and their belief in themselves play a critical role in the successful com-
pletion of learning tasks (Pintrich, 1995, 2000). Future research should explore how 
AI can enhance motivational aspects of SRL, such as personalizing motivational 
strategies based on individual needs and profiles.

While motivational aspects of SRL were in general less explored, the observation 
that some studies addressed multiple SRL aspects (Harati et al., 2021; Kooken et al., 
2021), demonstrates AI’s comprehensive potential in fostering an integrated SRL 
environment. AI’s diverse applications—such as SRL recommendations, profiling, 
measurement, process mining, and prediction—demonstrate its role in personal-
izing learning and enhancing SRL. For instance, SRL recommendations can provide 
tailored advice to students on how to improve their learning strategies, while profil-
ing and measurement can help in understanding and tracking individual learning 
behaviors.

AI-SRL research shows broad positive impacts on education, with improved aca-
demic performance being the most frequent outcome. AI enhances achievements in 
subjects like language, writing (Wei, 2023), and math (Liu et al., 2024) by support-
ing SRL. It also boosts student engagement, motivation, and emotional experiences, 
making learning more interactive and responsive (Bouchet et  al., 2018; Raković 
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et  al., 2024; Xia et  al., 2023). Improvements in collaborating learning resulting in 
the use of AI indicate that AI can facilitate more effective group work and peer 
learning, potentially leading to better collective learning experiences and outcomes 
(Järvelä et  al. 2023b, 2023c). AI has also shown potential to support reasoning 
skills (Huang et al., 2023a). This suggests that AI tools can be instrumental in fos-
tering higher-order cognitive skills that are essential for complex problem-solving 
and decision-making. AI’s positive impact on reducing anxiety (Jebur et al., 2022), 
improving social interaction (Wei, 2023), and enhancing autonomous learning 
(Sandoval Peña et al., 2023) collectively illustrate the diverse and impactful ways AI 
is being utilized to support and enhance various educational and learning activities,

Implications for research

The implications for future research in the field of AI for SRL are multifaceted and 
necessitate the need for a more inclusive and comprehensive approach. There is 
a need for studies from the Global South (e.g., the Middle East, Oceania, South 
America) to address diverse educational contexts. Expanding research to include 
primary and secondary education will help tailor AI-supported SRL to younger 
students. Qualitative and mixed methods can provide deeper insights, while longi-
tudinal studies are essential for understanding long-term effects. Ethical considera-
tions, such as explicit consent and data transparency, must be prioritized to build 
trust and foster further research collaborations.

Further exploration of automated writing systems and feedback mechanisms 
could significantly enhance SRL by offering personalized, timely support and 
improving learning outcomes. This is highly important, especially considering the 
forms of human-AI collaboration in providing feedback for enhancing SRL activi-
ties (Banihashem et  al., 2025). In addition, more research is needed on AI for 
assessment and evaluation in SRL.

Future research should also focus on clearly articulating the theoretical basis of 
AI-supported SRL interventions to ensure coherence and enhance the validity of 
the findings and also to explore and refine integrative frameworks, leveraging the 
strengths of various SRL theories and models to support the diverse and complex 
nature of SRL in the age of AI.

Additionally, there is a pressing need to expand AI-SRL research that includes 
educators as primary participants. Moreover, we advocate for evaluating the posi-
tive and negative effects of AI-SRL interventions on both individual and group 
learning levels, including reporting effect sizes. Finally, we emphasize the impor-
tance of exploring the motivational aspects of SRL as a critical focus for future 
research.

Implications for practice

Given the dominance of studies from North America, Asia, and Europe, it is essen-
tial for practitioners in underrepresented regions to contribute and adapt these 
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insights to their local contexts. Geographic diversity is vital for creating cultur-
ally sensitive and globally applicable AI tools. Due to the short duration of many 
AI-SRL studies, educators should interpret findings cautiously and implement AI 
interventions over longer periods to assess their effectiveness and make necessary 
adjustments. Additionally, practitioners must uphold rigorous ethical standards, 
including explicit consent and transparency, to build trust and support further col-
laboration in the educational community.

Future practice should involve educators more actively in developing and refin-
ing AI-supported SRL interventions to ensure alignment with classroom dynamics 
and pedagogical goals. Connecting AI tools to established SRL models can enhance 
trust and guide effective application. AI’s role in adaptive learning offers oppor-
tunities for tools like chatbots and dashboards to address diverse learning needs 
(Debets et  al., 2025). Profiling and predicting students’ SRL behaviors can help 
identify at-risk students and forecast academic outcomes for timely interventions. 
Despite limited use in assessment, AI shows potential for automated grading, which 
educators should consider exploring.

The focus on AI’s cognitive and metacognitive impacts highlights its potential to 
improve how students manage their learning. Educators should integrate AI tools 
to enhance students’ cognitive and metacognitive regulation of learning and con-
sider AI’s broader educational benefits, using these tools to support diverse learn-
ing outcomes.

Conclusion
This systematic review represents one of the initial efforts to map the intersection 
of AI and SRL research. It has expanded our understanding of the current state of 
AI-SRL research by examining trends over the past six years, including study levels, 
participant demographics, and geographical distribution. Additionally, this study 
has added value to the existing body of AI-SRL literature by clarifying key targeted 
stakeholders, elucidating the underlying SRL theories, and detailing the variations 
in AI implementation for SRL. We have also highlighted the direct impacts of AI 
on SRL processes and the broader educational outcomes resulting from AI inte-
gration. By identifying both research and practical gaps within the AI-SRL nexus, 
this review provides a holistic picture that can guide future research directions 
and inform practice. The insights garnered from this review are crucial for advanc-
ing the effective application of AI in supporting SRL and optimizing educational 
outcomes.
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Appendix 2: Geographical distribution of authors

Rank Country Count Percentage

1 United States 36 42.9

2 China 13 15.5

3 Canada 8 9.5

4 Taiwan 7 8.3

5 Spain 6 7.1

6 Finland 5 6.0

= Germany 5 6.0

= UK 5 6.0

7 Australia 3 3.6

= Thailand 3 3.6

8 France 2 2.4

= India 2 2.4

= Malaysia 2 2.4

= Saudi Arabia 2 2.4

= Sweden 2 2.4

9 Bangladesh 1 1.2

= Brazil 1 1.2

= Egypt 1 1.2

= Estonia 1 1.2

= Greece 1 1.2

= Israel 1 1.2

= Japan 1 1.2

= Netherlands 1 1.2

= Pakistan 1 1.2

= Peru 1 1.2

= Portugal 1 1.2

= Russia 1 1.2

= Singapore 1 1.2

= South Korea 1 1.2

= Turkiye 1 1.2

Rank Continent Count Percentage

1 North America 40 47.6

2 Asia 27 32.1

3 Europe 25 29.8

4 Middle East 4 4.8

5 Oceania 3 3.6

6 South America 2 2.4

7 Africa 1 1.2



Page 40 of 46Banihashem et al. Int J Educ Technol High Educ           (2025) 22:50 

Appendix 3: Discipline of study participants

Rank Discipline Count Percentage

1 Natural Sciences, Maths & Stats 33 39.3

2 IT / Computer Science 17 20.2

3 Health & Welfare 14 16.7

4 Arts, Hums & Languages 12 14.3

5 Unclear 8 9.5

= Education 8 9.5

6 Business, Admin & Law 5 6.0

7 Social Sciences, Journalism & Information 4 4.8

8 Engineering, Manufacturing & Construction 2 2.4

9 “STEM” 1 1.2

Study participant discipline by study level

N AH&L Bus & Law Education Engineering H & W IT NSM&S SSJ&I Unclear “STEM”

Any higher education 62 13% 8% 13% 3% 21% 26% 29% 6% 11% 2%

Undergraduate 48 17% 10% 10% 4% 25% 21% 35% 2% 13% 2%

Middle / high school 20 15% 0% 0% 0% 5% 0% 70% 0% 5% 5%

Postgraduate 13 15% 15% 31% 8% 23% 31% 23% 23% 8% 0%

Higher education (unknown level) 8 0% 0% 13% 0% 13% 50% 13% 13% 13% 0%

Not explicitly mentioned 2 0% 0% 0% 0% 0% 50% 50% 0% 0% 0%

Primary school 1 100% 0% 0% 0% 0% 0% 0% 0% 0% 0%

AH&S = Arts, Humanities & Languages, Bus & Law = Business & Law, H & W = Health 
& Welfare, IT = Computer Science, NSM&S = Natural Sciences, Mathematics & Statis-
tics, SSJ&I = Social Sciences, Journalism & Information

Appendix 4: Geographical distribution of study participants

Rank Country Count Percentage

1 Not mentioned 18 21.4

2 USA 15 17.9

3 North America (country not mentioned) 13 15.5

4 China 9 10.7

5 Taiwan 6 7.1

6 Spain 3 3.6

= Thailand 3 3.6

7 Australia 2 2.4

= Finland 2 2.4

= Sweden 2 2.4

9 Argentina 1 1.2

= Brazil 1 1.2

= Egypt 1 1.2
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Rank Country Count Percentage

= France 1 1.2

= Germany 1 1.2

= India 1 1.2

= Japan 1 1.2

= Malaysia 1 1.2

= Netherlands 1 1.2

= Peru 1 1.2

= Turkiye 1 1.2

= UK 1 1.2

Rank Continent Count Percentage

1 North America 28 33.3

2 Asia 21 25.0

3 Europe 11 13.1

4 South America 3 3.6

5 Oceania 2 2.4

6 Africa 1 1.2

= Middle East 1 1.2
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